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Abstract 

In  December  1991,  Rome  Laboratory  awarded  the  contract  "Signal  Processing  for 
Radar  Target  Tracking  and  Identification,"  contract  number  F30602-92-C-0004.  The 
work  we  have  performed  on  this  contract  has  yielded  significant  new  results  in  automatic 
target  recognition.  The  framework  of  the  approach  developed  consists  of  a  joint  target 
tracking  and  recognition  scenario,  and  a  general  mathematical  approach  for  addressing 
this  and  similar  problems.  The  work  performed  for  Rome  Laboratory  has  led  to  applica¬ 
tions  in  other  areas  including  related  military  problems  and  medical  problems.  The  dual- 
use  nature  of  many  of  the  algorithms  and  the  mathematical  basis  are  of  fundamental 
importance  and  must  be  pursued  vigorously  in  future  research. 

The  two  high  resolution  sensors  upon  which  we  focused  were  an  S-band  radar  oper¬ 
ating  in  a  wideband  mode  and  an  optical  sensor.  Simulations  were  developed  for  each  of 
these  sensors  and  demonstrations  of  the  software  running  were  given  at  the  time  of  the 
oral  final  report  on  June  12, 1995. 

L  Introduction 

The  general  area  studied  has  been  multitarget  tracking  and  recognition  using  data 
from  multiple  sensors.  Central  to  the  view  taken  in  our  work  is  the  observation  that 
fusion  of  data  from  multiple  sensors  requires  tracking  of  the  target  positions  and  orienta¬ 
tions  relative  to  all  of  the  sensors  involved.  That  is,  in  order  to  combine  data  from  multi¬ 
ple  sensors,  an  accurate  model  of  the  joint  data  sets  is  required;  this  model  must  include 
the  relative  motions  of  all  sensors  and  targets.  Note  that  any  improvements  in  the  orien¬ 
tation  estimates  for  the  targets  can  lead  to  improved  recognition  performance,  since 
recognition  itself  often  involves  orientation  estimation.  Also,  improved  recognijion  can 
lead  to  better  tracking  performance  by  including  more  accurate  target  motion  models  and 
improved  orientation  estimates. 

A  detailed  description  of  the  problem  studied  under  contract  number 
F30602-92-C-0004  first  appeared  in  our  progress  report  dated  July  29,  1992.  The  prob¬ 
lem  consists  of  the  simultaneous  tracking  and  recognition  of  targets  using  multisensor 
data.  Our  focus  has  been  on  radar  sensors  and  optical  imaging  sensors. 

The  problem  may  be  described  as  follows.  Assume  that  there  are  two  sensors  avail¬ 
able  collecting  measured  data  from  an  aircraft.  One  sensor  is  a  tracking  radar  that  pro¬ 
vides  estimates  of  the  target  position  (usually  in  range,  azimuth,  and  elevation  coordi¬ 
nates).  A  second  sensor  provides  high  range  resolution  measurements  of  the  target 
From  these  two  data  sets,  the  algorithm  being  developed  will  attempt  to  track  and  recog¬ 
nize  the  target.  We  assume  that  the  target  is  one  of  a  finite  number  of  targets,  and  that  we 
have  a  detailed  description  of  each  of  the  targets.  The  description  consists  of  a  dynamical 
model  for  the  motion  of  the  target  and  a  surface  facet  model  from  which  high  range  reso¬ 
lution  profiles  may  be  computed.  The  model  is  used  to  generate  predicted  measurements. 

By  developing  a  single  joint  model  for  the  tracking  and  range  profile  data,  we  are 
able  to  improve  the  performance  of  both  tracking  and  recognition,  lire  tracking  is 
improved  because  the  high  resolution  sensor  provides  orientation  information.  The  orien¬ 
tation  information  may  be  used  in  the  tracker  to  generate  better  predictions  for  the  next 
target  position.  The  recognition  is  improved  by  the  joint  model  because  the  dynamical 
model  used  in  the  tracker  includes  orientation  dynamics  that  may  be  used,  along  with 


-2- 


previous  orientation  estimates,  to  generate  better  predictions  for  the  next  target  orienta¬ 
tion  than  if  the  dynamics  were  not  included. 

One  tool  used  is  the  theory  of  deformable  templates.  The  templates  for  this  problem 
are  the  models  for  the  targets  consisting  of  both  the  dynamics  and  the  surface  facet 
model.  Perhaps  the  most  important  paper  published  to  date  in  the  area  of  deformable 
templates  is  by  Miller  and  Grenander,  the  work  leading  to  this  paper  was  supported  in 
part  by  this  contract  A  second  tool  is  the  theory  of  jump-diffusions.  Our  algorithms  are 
based  on  jump-diffusions.  A  theoretical  description  of  the  use  of  jump-diffusions  in  algo¬ 
rithm  development  is  in  the  Master’s  thesis  of  Anuj  Srivastava  which  is  included  in 
Appendix  A.  This  thesis  constitutes  a  large  part  of  this  report. 

n.  Activity 

Detailed  summaries  of  the  activity  on  this  contract  have  been  given  in  previous 
progress  reports  and  in  annual  reports.  This  section  gives  some  of  the  highlights  of  the 
activity,  concentrating  on  activity  since  September  1994. 

A.  Personnel 

The  personnel  at  Washington  University  directly  supported  by  this  contract  include 
faculty  and  students.  They  have  met  regularly  for  the  duration  of  this  contract  Those 
supported  by  the  contract  included: 

Faculty: 

Prof.  Donald  L.  Snyder 
Prof.  Joseph  A.  O’Sullivan 
Prof.  Michael  L  Miller 
Students: 

Anuj  Srivastava 
K.  Cecilia  Du 
Brian  Barber 
Steve  Jacobs 
Robert  Teichman 
Nicholas  Cutaia 
Chandrakanth  Gowda 
Todd  Ellebracht 
Mohammad  Faisal 
Jason  August 
Mark  Foltz 

B.  Collaborations 

One  aspect  of  the  work  which  we  feel  was  instrumental  for  the  successful  convic¬ 
tion  of  the  work  on  this  contract  is  the  cross-fertilization  of  ideas  with  related  research 
projects  in  the  department  of  Electrical  Engineering  at  Washington  University.  We 
invited  to  our  research  meetings  other  individuals  whose  research  interests  are  closely 
related  to  the  ideas  in  this  project  These  individuals  attended  meetings  regularly  and 
included: 
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Faculty: 

Prof.  Daniel  R.  Fuhnnann 
Students: 

Jonathan  Locker,  Senior  undergraduate 
Debra  Michal,  fourth  year  graduate 
Asif  Chinwalla,  second  year  graduate 
Aaron  Lantennan,  first  year  graduate 

Some  of  these  individuals  not  directly  supported  contributed  materially  to  the  results 
reported  here  and  in  other  progress  reports.  For  example,  some  of  them  have  co-authored 
papers  resulting  from  this  research. 

Another  significant  collaboration  has  been  with  Prof.  Ulf  Grenander  at  Brown  Um- 
versity.  Prof.  Grenander  is  one  of  the  most  outstanding  applied  mathen^tiaans  of  this 
century  Prof  M.  L  Miller  visited  Brown  University  regularly  over  the  duranon  of  this 
nroiect  Prof.  Grenander  visited  Washington  University  during  April  1995,  a  visit  sup- 
mrted  in  part  by  this  contract  Profs.  Miller  and  Grenander  wrote  a  si^cant  jomt 
mper,  "Representation  of  Knowledge  in  Complex  Systems,"  Journal  of  the  Royal  Statisti¬ 
cal  Society,  Series  B,  Volume  56,  Number  4,  1994,  pp.  549-603.  This  paper  was  ^ 
before  the  Society  and  the  paper  includes  discussion.  It  summarizes  much  of  the  mathe¬ 
matical  foundations  of  our  approach  and  copies  have  been  provided  to  Rome  Laboratory 

in  the  past 


C.  Degrees 

One  of  the  primary  benefits  of  supporting  research  at  a  university  is  in  the  human 
resource  area.  The  development  of  graduates  with  skills  necessary  to  conmbute  in  areas 
critical  to  national  defense  is  extremely  important  The  smdents  working  on  this^oject 
are  all  skilled  in  automatic  target  recognition  and  have  the  kind  of  training  so  need^  m 
the  defense  industry  and  associated  government  laboratories.  One  measure  of  ^  devl- 
opment  is  by  the  degrees  smdents  working  on  this  project  have  received  over  the  course 
of  this  contract  These  degrees  are  listed  below: 


Brian  Barber 

MSEE 

Robert  Teichman 

MSEE 

Cecilia  Du 

MSEE 

Anuj  Srivastava 

MSEE 

Todd  EUebracht 

BSEE 

Jon  Locker 

BSEE 

Aaron  Lantennan 

MSEE 

Asif  Chinwalla 

MSEE 

Debra  Michal 

D.Sc. 

In  addition,  several  smdents  are  near  completion  of  degrees: 
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Anuj  Srivastava 
Steve  Jacobs 
Nicholas  Cutaia 
Mohammad  Faisal 
Mark  Foltz 


D.Sc.,  Julyy  1996 
D.Sc.,  Aug.  1996 
D.Sc.,  Dec..  1995 
MSEE,  May  1995 
BSEE,  May  1996 


D.  Visits 

On  January  17,  1992,  Profs.  Snyder,  O’Sullivan,  and  Miller  visited  Rome  Labora¬ 
tory.  The  meeting  was  a  kick-off  meeting  for  the  project.  They  summarized  their  past 
research  efforts  as  they  related  to  the  anticipated  research  on  this  project  This  meeting 
proxdded  a  valuable  opportunity  to  meet  individuals  at  Rome  Laboratory  and  to  tour  the 
facilities. 

On  April  10, 1992,  Drs.  V.  Vannicola  and  D.  Benincasa  from  Rome  Laboratory  vis¬ 
ited  Washington  University.  They  participated  in  a  research  meeting  and  toured  our  facil¬ 
ities.  At  the  research  meeting,  all  students  and  faculty  briefed  the  visitors  on  progress. 
After  the  meeting,  Dr.  V.  Vannicola  provided  additional  information  on  Rome  Laboratory 
facilities. 

On  December  4,  1992  Profs.  O’Sullivan,  Snyder,  and  Miller  visited  Rome  Labora¬ 
tory  to  report  the  first  year’s  activity.  This  report  was  given  both  at  Rome  Laboratory  and 
in  a  luncheon  talk  before  the  Mohawk  Valley  Chapter  of  the  Signal  Processing  Society. 

Two  students  working  on  this  project,  Anuj  Srivastava  and  Robert  Teichman,  visited 
Rome  Laboratory  in  May  1993.  This  visit  was  in  conjunction  with  the  Dual-Use  confer¬ 
ence  in  Utica.  In  addition  to  their  presentation  at  the  conference,  these  smdents  visited 
Rome  Laboratory  and  delivered  a  videotape  showing  jump-diffusion  algorithms  running 
on  angle  data.  That  is,  instead  of  running  on  a  typical  Cartesian  coordinate  system  R", 
the  jun:5)-diffusion  algorithm  performed  random  searches  over  angle  data  (that  have  a 
compact  domain  with  periodic  boundaries). 

Brian  Barber  fijom  Washington  University  spent  the  summer  of  1993  at  Rome  Labo¬ 
ratory.  This  visit  resulted  in  Rome  Laboratory  providing  some  real  data  collected  from 
their  S-Band  radar  operating  in  the  wideband  mode.  Brian  provided  an  important  bridge 
between  our  research  efforts  and  the  efforts  of  individuals  at  Rome  Laboratory.  In  partic¬ 
ular,  Brian  became  extremely  knowledgeable  about  the  available  data,  he  developed  soft¬ 
ware  to  interface  between  the  real  data  and  our  existing  simulations,  and  he  learned 
XPATCH.  His  summer  work  was  very  successful. 

Rome  Laboratory  visited  Washington  University  on  May  26  and  27, 1994.  The  vis¬ 
iting  persoimel  included  B.  Rydelek,  V.  Vannicola,  and  J.  Capraro.  Various  discussions  of 
the  project  took  place  including  demonstrations  of  the  software  developed  to  date. 

Profs.  Miller  and  O’Sullivan  visited  Rome  Laboratory  on  November  14,  1994. 
They  gave  a  report  on  the  third  year’s  activity  and  showed  a  video  of  the  current  software 
running.  They  discussed  the  plans  for  the  remaining  few  months  of  the  project  and  for 
potential  follow-on  efforts. 

Profs.  Snyder  and  O’Sullivan  visited  Rome  Laboratory  on  June  12,  1995  to  give  the 
final  oral  report  for  this  project  The  report  consisted  of  a  one  hour  presentation  using  the 
PowerPoint  presentation  tool  along  with  a  remote  demonstration  of  the  computations 
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developed  on  this  project  This  remote  demonstration  was  the  first  of  its  kind  by  the 
research  group.  The  complete  software  package  (see  Section  VI  for  a  discussion  of  the 
software  and  a  complete  program  listing)  was  shown  running.  One  aspect  of  the  demon¬ 
stration  was  a  remote  visualization  of  a  distributed  computation;  the  computations  were 
performed  on  various  computers  at  Washington  University  in  St.  Louis,  including  the 
Maspar  12000  (the  128  by  128  massively  parallel  array  of  processors).  The  results  of  the 
computations  were  transmitted  across  the  internet  and  visualized  on  a  Silicon  Graphics 
computer  in  the  computer  facility  at  Rome  Laboratory.  This  demonstration  showed  a 
recognition  algorithm  running  on  high  resolution  radar  data.  Thus,  the  major  goal  of  the 
research  on  this  project  was  achieved  and  demonstrated  to  Rome  Laboratory  personnel. 

nL  Papers  and  Presentations 

The  primary  methods  of  disseminating  the  results  of  research  are  through  reports 
such  as  this,  through  presentations  at  conferences  and  workshops,  and  through  the  publi¬ 
cation  of  papers  describing  the  results  in  detail.  The  faculty  and  smdents  presented  the 
results  of  the  research  at  many  important  conferences  and  workshops  over  the  duration  of 
this  project  Also,  several  journal  papers  were  submitted.  Most  of  these  are  summarized 
below. 

•  The  papers  and  presentations: 

1.  M.  1.  Miller  and  U.  Grenander,  "Representation  of  Knowledge  in  Complex  Sys¬ 
tems,"  Journal  of  the  Royal  Statistical  Society,  Series  B,  Volue  56,  Numba-  4, 1994, 
pp.  549-603.  Copies  of  this  paper  have  been  provided  to  Rome  Laboratory.  This 
paper  is  one  of  the  most  important  theoretical  contributions  to  this  area  in  the  past 
few  years.  It  describes  the  method  of  deformable  templates  and  the  use  of  jump- 
diffusion  algorithms  to  do  inference. 

2.  J.  A.  O’Sullivan,  M.  1.  Miller,  A.  Srivastava,  and  D.  L.  Snyder,  "Tracking  Using  a 
Random  Sampling  Algorithtn,"  12th  World  Congress  of  the  International  Federation 
of  Automatic  Control,  Sydney,  Australia,  July  1993.  This  paper  is  part  of  Appendix 
B  of  this  repoTL 

3.  J.  A.  O’Sullivan,  K.  C.  Du,  R.  S.  Teichman,  M.  I.  Miller,  D.  L.  Snyder,  and  V.  C. 
Vannicola,  "Radar  Target  Recognition  Using  Shape  Models,"  Proceedings  of  the 
30th  Annual  AJlerton  Corference  on  Communication,  Control,  and  Confuting, 
Urbana,  IL,  October  1992.  This  paper,  which  was  part  of  the  first  year’s  efforts  is 
included  hoe  for  completeness  as  part  of  Appendix  B. 

4.  A.  Srivastava,  N.  Cutaia,  M.  L  ^filler,  J.  A.  O’Sullivan,  and  D.  L.  Snyder,  "Multi- 
Target  Narrowband  Direction  Finding  and  Tracking  Based  on  Motion  Dynamics," 
Proceedings  of  the  30th  Annual  Allerton  Conference  on  Communication,  Control, 
and  Computing,  Urbana,  IL,  Oaober  1992.  This  paper,  which  was  part  of  the  first 
year’s  efforts  is  included  here  for  completeness  as  part  of  Appendix  B. 

5.  J.  A.  O’Sullivan,  "A  New  Wideband  Radar  Imaging  Algorithm,"  submitted  to  the 
IEEE  Trans,  on  Image  Processing,  1993.  Copies  of  this  paper  have  been  provided 
to  Rome  Laboratory  in  die  past 

6.  J.  A.  O’Sullivan,  K.  C  Du,  R.  S.  Teichman,  M.  I.  Miller,  D.  L.  Snyder,  and  V.  C. 
Vannicola,  "Reflectivity  Models  for  Radar  Target  Recognition,"  SPIE  International 
Symposium  on  OE/Aerospace  Sensing,  Oriando,  April  1993.  This  paper  is  part  of 
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Appendix  B  of  this  report. 

7.  M.  L  Miller,  R.  Teichman,  A.  Srivastava,  J.  A.  O’Sullivan,  and  D.  L.  Snyder,  "Jump- 
Diffusion  Processes  for  Automated  Tracking-Target  Recognition,"  Proceedings  of 
the  27th  Annual  Coirference  on  Information  Sciences  and  Systems,  Johns  Hopkins 
University,  Baltimore,  March  1993,  pp.  617-622.  This  paper  is  part  of  Appendix^ 
of  this  report 

8.  J.  A.  O’Sullivan,  "Likelihood  Models  for  Sensor  Fusion,"  Invited  Talk,  Army 
Research  Office  Information  Fusion  Workshop,  Harper’s  Ferry,  WV,  June  1993. 

9.  K-  C.  Du,  "Range  Profile  Prediction  in  Radar  Target  Recognition,"  M.S.  Thesis, 
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IV.  ATR  Using  HRR  Data 


Data  from  a  High  Range  Resolution  (HRR)  radar  varies  with  target  type  and 
orientation.  This  document  investigates  this  variation  and  the  implications  for  per¬ 
forming  orientation  estimation  and  target  identification.  A  new  model  for  radar  re¬ 
flectivity  is  developed.  The  data  variation  due  to  target  orientation  is  quantitatively 
evaluated  by  simulation.  A  simple  test  of  the  target-specific  nature  of  actual  data  is 
performed.  Future  work  is  proposed. 

1  Introduction 

The  problem  of  recognition  of  remote  objects  from  sensor  data  has  a  long  history,  and 
has  received  particular  attention  in  recent  years.  A  variant  of  particular  interest  is 
the  identification  of  aircraft  targets  from  their  radar  reflections.  While  a  great  many 
articles  have  been  published  describing  algorithms  for  identification,  these  algorithms 
generally  require  that  the  orientation  of  the  aircraft  during  illumination  by  the  radar 
be  known  or  estimated.  Successful  orientation  estimation  is  dependent  on  the  be¬ 
havior  of  the  reflected  radar  signal  as  the  target  orientation  changes.  The  purpose 
of  this  document  is  to  investigate  the  nature  of  radar  data  for  different  targets  and 
varying  orientation  and  to  discuss  the  implications  for  successful  implementation  of 
identification  and  orientation  estimation  tasks. 

Consider  the  following  environment  for  radar-based  recognition  of  aircraft  targets 
using  an  automated  system.  Some  number  M  of  aircraft  are  flying  in  the  vicinity  of 
a  multiplicity  of  radar  sensors.  It  is  desired  to  detect,  track,  and  identify  each  of  the 
aircraft  based  on  the  complete  history  of  measurements  from  the  sensors.  Typically, 
the  sensors  will  include  a  low-frequency  radar  system  explicitly  designed  for  detection 
and  tracking;  one  example  of  this  would  be  a  single  centrally  located  radar  transmitter 
combined  with  a  cross  array  of  passive  receivers.  Such  a  system  can  be  used  to 
determine  the  number  of  targets  in  the  scene  and  their  positions  at  any  time.  Once 
a  target  has  been  located,  a  high  range  resolution  radar  is  steered  in  the  direction  of 
this  target,  and  reflections  resulting  from  an  appropriately  chosen  transmitted  signal 
are  recorded.  Based  on  the  complete  history  of  measurements  from  all  sensors,  it  is 
desired  to  estimate  for  each  target  sequences  of  those  parameters  pertinent  to  the 
behavior  of  a  dynamic  aircraft:  positions,  velocities,  orientations,  rotation  rates  and 

aircraft  type. 
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While  it  is  conceivable  that  one  could  identify  an  aircraft  without  estinaating  all 
the  associated  dynamic  parameters  (e.g.  visual  identification  of  commercial  aircraft 
by  a  human  observer  does  not  require  estimation  of  rotation  rates)  it  is  clear  that  such 
estimation  is  crucial  to  successful  identification  by  an  automated  system.  Position 
estimates  are  required  for  steering  of  the  HRR  radar  system.  As  orientation  changes 
typically  precede  changes  in  aircraft  acceleration,  orientation  estimation  can  aid  in 
predicting  the  future  position  and  velocity  of  the  target.  If  the  aircraft  type  is  known, 
a  dynamical  model  for  this  aircraft  can  be  used  to  predict  its  behavior  in  flight.  Also, . 
the  observed  flight  behavior  may  be  indicative  of  the  aircraft  type.  As  a  result, 
it  is  believed  that  any  successful  implementation  of  a  system  for  Automatic  Target 
Recognition  will  involve  joint  estimation  of  all  these  parameters  from  the  available 
data. 
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This  being  the  case,  it  is  nonetheless  true  that  most  proposed  systems  for  ATR 
do  not  consider  the  problem  in  this  holistic  context.  The  following  is  a  partial  list 
of  simplifications  to  the  ATR  problem  which  allow  for  analysis  of  the  performance  of 
individual  estimation  tasks. 

•  It  is  known  that  a  single  target  is  present.  Given  a  complete  history  of  measure¬ 
ments  from  all  sensors,  estimate  the  positions,  velocities,  orientations,  rotation 
rates,  and  aircraft  type  for  this  target. 

•  Only  HRR  data  is  available,  and  this  data  is  assumed  independent  of  posi¬ 
tion,  velocity,  and  rotation  rate.  Given  a  series  of  range  profiles,  estimate  the 
orientation  and  aircraft  type  for  a  single  target. 

•  Only  one  range  profile  is  available.  From  this  single  measurement,  estimate  the 
orientation  and  aircraft  type  for  a  single  target. 

•  The  orientation  of  the  target  is  known  or  has  been  estimated  by  other  means. 
From  a  single  range  profile,  identify  the  aircraft  type. 

•  The  aircraft  type  of  the  target  is  assumed  known.  From  a  single  observation  of 
the  range  profile,  estimate  the  orientation  of  the  target. 

•  The  orientation  of  the  target  is  known,  and  it  is  also  known  that  the  target  is 
one  of  two  possible  aircraft  types.  From  a  single  range  profile,  determine  which 
of  the  two  aircraft  types  produced  the  observation. 

It  is  interesting  to  note  that  the  vast  majority  of  proposed  algorithms  for  ATR  have 
addressed  only  the  last  of  these  simplified  problems.  Additionally,  the  data  used  to 
test  these  algorithms  are  frequently  collected  from  scaled  models  in  a  compact  radar 
range.  While  these  results  therefore  do  not  impinge  directly  on  the  expected  perfor¬ 
mance  of  algorithms  which  seek  to  solve  the  complete  ATR  problem  through  joint 
estimation,  they  have  helped  to  identify  important  issues  relating  to  the  successful 
completion  of  smaller  tasks. 
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In  order  to  more  clearly  illustrate  the  ATR  problem  and  important  elements  of  its 
solution,  a  mathematical  development  is  presented.  We  begin  by  considering  the  first 
of  the  simplified  problems  listed  above:  it  is  known  that  a  single  target  is  present,  and 
it  is  desired  to  track  and  identify  this  target.  A  series  of  measurements  are  received 
from  each  of  the  sensors;  let  rk(t)  denote  the  kih.  vector  of  received  waveforms.  Let 
the  complete  state  vector  for  the  target  at  time  of  the  ^th  measurement,  including  po¬ 
sitions,  velocities,  orientations,  rotation  rates  and  target  type,  be  denoted  by  ^k-  The 
received  signal  is  the  sum  of  a  known,  deterministic  signal  portion  that  is  expressly 
dependent  on  the  state  (k  and  a  noise  term 


rk{t)  =  s{t;(k)  +  Wk{t)  (1) 

where  Wk{t)  is  a  sample  waveform  from  a  complex  white  Gaussian  random  process 
with  mean  0  and  intensity  Nq.  Let  Rk  and  Ek  denote,  respectively,  the  collection  of 
received  signal  waveforms  and  state  vectors  up  to  the  time  of  the  fcth  measurement 


Rk  =  {ri(t),r2(t),...,r4t)}  (2) 

=  {65  6,  •••,6}-  (3) 

Having  received  the  kth  measurement  it  is  desired  to  estimate  the  state  history 
Efc  which  resulted  in  the  measurement  history  Rk-  Given  the  above  statistical  model 
for  our  measurements,  the  estimate  we  seek  is  the  value  of  Ek  which  maximizes  the 
posterior  probability  density  conditioned  on  the  measurements 


Hit, MAP  =  argmax^^  p(E:fc|i?fc) . 


(4) 


The  posterior  density  is  decomposed  through  Bayes’  rule 


p(Hit|Rfc) 


p(.=.fc)  L  {Rk\=.k) 

L{Rk) 


(5) 


In  this  expression,  p{Ek)  is  the  prior  density  on  the  state  vector  history,  L{Rk\Ek) 
is  the  data  likelihood  conditioned  on  the  state  history,  and  the  denominator  L  ( Rk) 
is  the  joint  likelihood  of  the  measurements  which  is  independent  of  the  states  and  is 
therefore  a  constant  with  respect  to  maximization  over  Ek- 
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The  analysis  is  simplified  by  making  the  assumption  that  the  states  form  a  Markov 
chain:  the  probability  of  the  next  state  (k+i  assuming  any  particular  value  is  depen¬ 
dent  only  on  the  value  of  the  current  state  ^k  and  not  on  any  previous  states.  Thus 
the  prior  density  may  be  written 

p(Sfc)  (6) 

e=i 

Through  this  assumption  and  the  assumption,  implicit  in  our  data  model,  that,  condi¬ 
tioned  on  knowledge  of  ^k,  fkit)  is  independent  of  previous  measurements  and  states, 
the  data  likelihood  may  be  written 


=  (7) 

e=i 

Thus,  the  posterior  probability  we  seek  to  maximize  may  be  written 

p(3,\Rt)  =  (8) 

An  algorithm  has  been  developed,  as  described  in  [7,  8,  13]  which  provides  state 
estimates  by  sampling  from  this  posterior  density  using  Jump-Diffusion  processes. 
The  prior  density  is  formed  from  the  Newtonian  force  equations  governing  rigid  body 
dynamics,  and  the  data  likelihood  results  from  a  statistical  characterization  of  each 
of  the  sensors. 
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As  mentioned  previously,  this  document  is  primarily  concerned  with  the  estimation 
of  target  type  and  orientation  from  range  profile  data.  Therefore,  we  now  consider 
the  fifth  of  the  six  simplified  ATR  problems:  the  target  type  is  assumed  known  and 
we  wish  to  estimate  the  orientation  which  resulted  in  the  observation  of  a  given  range 
profile.  The  model  for  the  range  profile  is  similar  to  that  used  previously, 

rk{t)  =  s{t-,ek)  +  Wk{t),  (9) 

where  s{t;  Ok)  is  a  known  deterministic  reflectivity  profile  which  depends  only  on  the 
orientation  angles,  collectively  denoted  as  Ok,  and  Wk{t)  is  a  sample  waveform  from  a 
complex  white  Gaussian  random  process  with  mean  0  and  intensity  Nq.  Proceeding 
as  before. 


Rk 

(10) 

\ 

=  {^li02,  •  ■  •  ,0k} 

(11) 

Gfc,MAP 

=  argmaxQ^  p(0fc|i?fc) 

(12) 

p{^k\Rk) 

a  p(0fc)T(R;t|0i) 

(13) 

=  p{0a)'[{p{0i\0t--i)L{re\0t) . 

(14) 

e=i 


In  practice,  the  prior  density  on  0^  may  be  further  conditioned  on  knowledge  of  other 
states  (e.g.,  the  history  of  target  positions).  In  any  case,  we  will  assume  that  this 
density  has  been  provided  to  us,  so  that  the  quantity  of  interest  is  the  likelihood 
function  L{rk\0k). 
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Let  the  received  signal  rk{t)  be  written  as  the  sum 

M 

rk{t)  -  lim  V  rk,ra4>m{t)’,  (15) 

M—^oo 

m=:l 

where  {4>mit)}  is  a  set  of  basis  functions  which  form  a  complete  orthonormal  set,  the 
coefficients  rk,m  are  given  by 

rk,m  -  j  rk{t)4>m{t)dt  (16) 

=  j  s{t\6k)4m{t)dt  +  j  Wk{t)4>rn{t)dt  (17) 

=  Sm{0k)  +  Wm  (18) 


and  convergence  of  the  limit  is  in  the  mean  square  sense.  The  truncation  of  the  series 
representation  for  rk{t)  to  M  terms  is  denoted  r^{t).  The  likelihood  function  for 
r^{t)  is  given  by 


Aa  1  /  1  \ 

L  {rf\ek)  =  n  “  ^m(^fc)][^*,m  -  5m(^fc)]*}j  • 

Finally,  the  likelihood  function  for  the  received  waveform  r{t)  is  defined  as 

L  {rV\h) 


L{rk\0k)  =  lim 


M-ooT(rf|s(t;^fc)  =  0) 


which  yields 


L{rt\et)  =«xp  -is(i;»/i)](s(i;«i)]Vi|). 


(19) 


(20) 

(21) 


Note  that  the  received  waveform  rk{t)  enters  this  expression  through  an  inner  product 
with  the  signal  s(t;  9k).  In  later  sections  we  will  be  concerned  with  the  variation  of  this 
inner  product  for  small  changes  in  the  orientation  9k,  and  properties  of  the  variation 
which  may  be  indicative  of  the  potential  performance  of  algorithms  for  orientation 
estimation. 

The  remainder  of  this  document  is  organized  as  follows.  Section  2  presents  a  re¬ 
view  of  the  work  of  Shapiro  in  developing  reflectivity  models  for  laser  radar.  Section 
3  contains  a  fisting  of  several  questions  relating  to  radar-based  ATR  which  remain 
unanswered.  Section  4  contains  some  initial  results  toward  answering  these  questions, 
including  a  model  for  radar  reflectivity  based  on  the  theory  of  random  arrays,  anal¬ 
ysis  of  simulated  range  profiles  in  terms  of  the  difficulties  encountered  in  orientation 
estimation,  and  analysis  of  real  HRR  data  observed  for  several  commercial  aircraft. 
Finally,  section  5  fists  what  conclusions  can  be  drawn  from  our  initial  results  and 
proposes  further  items  to  be  completed. 
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2  Laser  Radar  Model 


Shapiro  [10,  11,  12]  considers  illumination  of  a  target  by  the  focused  beam  of  a 
coherent  laser  radar.  The  beam  radius  is  assumed  to  be  small  on  the  scale  of  the  target 
and  an  image  is  formed  by  making  separate  measurements  of  the  target  reflectivity 
for  different  transmitter  aim  points.  High  resolution  range  determination  for  each 
aim  point  allows  for  a  partial  3-D  characterization  of  the  target. 

The  analysis  begins  with  a  completely  deterministic  representation  of  the  reflec¬ 
tivity  of  a  point  on  the  target  through  the  matrix 

R(f2r,Wr;Di,a;i;aJo).  (22)- 

This  matrix  is  functionally  parameterized  by  the  incident  and  reflected  direction 
vectors  Oj-  and  the  incident  and  reflected  modulation  frequencies  a?,-  and  Ur  and 
the  optical  carrier  frequency  Uq.  The  elements  of  this  matrix  contain  the  scattering 
amplitudes  for  the  four  combinations  of  horizontal  and  vertical  polarizations  of  the 
transmitted  and  received  waveforms.  The  Fourier  component  of  the  field  Sr  reflected 
in  the  Clr  direction  is  given  by  the  linear  superposition  of  reflections  arising  from 
different  incident  directions  and  frequencies, 

5(^,0;.;  a-,a;i;a;,)5,(a-,a;0.  (23) 

Application  of  this  model  to  the  case  of  a  uniformly  poleirized  monochromatic  inci¬ 
dent  field  illuminating  a  target  that  is  unresolved  and  stationary  leads  to  familiar 
expressions  for  received  power  and  radar  cross  section. 
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The  complicated  nature  of  this  deterministic  model  makes  determination  of  the 
R-matrix  of  a  complex  target  impractical.  A  simplification  is  suggested  by  which  a 
deterministic  quantity  like  the  R-matrix  is  used  to  describe  the  reflectance  properties 
associated  with  the  gross  shape  of  a  target,  and  the  effects  of  the  micro-scale  features 
on  the  target  surface  are  given  a  statistical  characterization.  Under  the  conditions  of 
a  stationary  unresolved  target  and  a  monostatic  radar  system,  the  complex  envelopes 
of  the  incident  and  reflected  fields  E,-  and  are  related  through  a  multiplicative 
target  model  _  _ 

E,(p,t)  =  T(p)Ei(p,t),  (24) 

where  p  is  the  transmitter  aim  point  in  the  image  plane  and  T(p)  is  the  associated 
complex-field  reflection  coefficient.  This  quantity  is  decomposed  into  a  deterministic 
component  Tg(p)  which  models  the  target  as  a  specular  reflector  such  as  a  polished 
surface  and  a  random  component  Ts(p)  which  characterizes  the  effect  of  the  roughness 
of  the  target  surface 

T{p)  =  Tg(p)e^^  -f-  Ts(p).  (25) 

Shapiro  considers  the  glint  component  Tg(p)  to  have  a  very  narrow  angular  extent 
like  that  of  a  mirror,  but  any  appropriate  reflection  pattern  could  be  substituted  for 
this  term.  The  phase  angle  $  is  modeled  as  a  uniform  random  variable  on  [0, 27r].  The 
speckle  component  Ts(p)  is  a  complex- valued  0-mean  Gaussian  random  process  with 
autocorrelation  function 

E  {T.(ft)Ts(?2)}  =  0,  (26) 

B  {T.(?0T*(A)}  =  -  p^).  (27) 

The  bidirectional  reflectance  is  defined  as  the  ratio  of  reflected  to  incident  radiance  as 
a  function  of  wavelength  and  the  directions  of  incidence  and  reflection,  and  is  related 
to  T(p)  through 

/(A;  7,-;  fr)  =  I  J  dp  exp  [j2Tr(fi  -  J^)  ■  p]  T{p)  | .  (28) 

The  speckle  contribution  to  this  quantity 

Ai^jdpTsip)  (29) 

is  independent  of  /,■  and  Thus,  the  speckle  component  of  the  multiplicative 
model  is  a  random  process  which  is  uncorrelated  between  different  aim  points,  and 
its  contribution  to  the  overall  reflectance  of  the  target  is  completely  non-directional. 
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In  a  second  analysis  [12],  the  glint  component  Tg(p)  is  ignored  and  the  multiplica¬ 
tive  model  is  expressly  parameterized  in  terms  of  the  position  and  orientation  of  the 
target 

T{p)  =  Ts  |Ue(p  -  pe)]  exp  [j2k^'^ (p  -  p^)] ,  (30) 

where  p^  is  a  target  translation  vector,  17$  is  a  matrix  describing  target  rotation  in  the 
plane  of  illumination  and  ^  is  a  vector  describing  the  tilt  of  the  target  with  respect 
to  the  plane  of  illumination.  Note  that  object  tilt  is  equivalent  to  a  change  in  aspect 
angle.  The  complex  amplitude  of  the  return  due  to  illumination  by  a  monochromatic 
beam  of  spatial  pattern  ^l(p)  is  given  by 

y  =  /T(?KE(?)dp.  (31) 

The  variation  in  target  reflectivity  is  investigated  by  computing  the  correlation  coeffi¬ 
cient  712  of  the  random  variables  |yi  p  and  |y2p,  where  the  subscripts  denote  dilferent 
choices  of  the  parameters  {p^,  Ue,  V’}-  If  T(p)  is  modeled  as  a  complex  Gaussian  ran¬ 
dom  process,  then  we  have 


|£(yiy;}  P 
£{|yiP}-B{|y2R' 


Speckle  decorrelation  is  said  to  occur  when  the  measurement  parameters  for  the  two 
ffifferrat  obsCTvations  are  such  that  712  <  e~^.  For  the  specific  case  of  object  tilt 
V’l  ~  V’2  =  ^^5  decorrelation  occurs  for 


where  a  is  the  transmitted  beam  radius,  L  is  the  distance  to  the  target  and  k  is  the 
wave  number  of  the  illumination.  When  only  tilt  is  varied,  the  decorrelation  limit  is 
given  approximately  by  2/A;a  for  near-field  illumination  and  by  ajL  in  the  far-field. 
If  multiple  parameters  are  allowed  to  vary,  the  decorrelation  limit  is  2 1  ka,  regardless 
of  the  value  of  L. 
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Shapiro’s  model  has  yielded  a  measure  of  the  expected  variation  in  the  reflectivity 
of  a  target  for  small  changes  in  orientation,  when  the  signal-target  interaction  can 
be  modeled  a^  taking  place  in  a  plane.  In  order  to  more  directly  relate  this  result 
to  the  case  of  an  extended  target  on  which  all  points  are  simultaneously  illuminated 
by  a  wide  radar  beam,  we  will  model  the  beam  pattern  with  a  constant  value 

of  ^  over  the  entire  image  plane.  If  we  additionally  ignore  translation  and  in-plane 
rotation,  then  we  have 

Eiy^vVi  =  (34) 

2.0.1  The  Proximity  of  Range  Profile  Surfaces 

Ksienski  and  White  [15,  6]  investigate  the  nature  of  multi-frequency  RCS  measure¬ 
ments  and  their  usefulness  in  target  identification.  Each  vector  of  n  measurements 
is  modeled  as  the  sum  of  an  aspect-dependent,  deterministic  signal  term  and  a  noise 
term.  Given  that  the  signal  part  of  a  set  of  measurements  for  a  particular  aircraft 
depend  only  on  a  pair  of  angles  (^,0),  they  reason  that  the  set  of  all  data  points  for 
each  object  must  lie  on  a  two-dimensional  manifold  in  n-space.  The  problem  of  target 
identification  then  becomes  one  of  assigning  a  vector  of  observations  x  to  the  data 
surface  corresponding  to  one  of  the  targets.  For  simple  objects,  the  data  surfaces  for 
two  different  objects  often  occupy  regions  of  n-space  which  are  separable  by  hyper¬ 
planes.  In  this  case,  identification  can  be  performed  by  linear  discriminant;  for  any 
observation  x  the  inner  product  with  a  weight  vector  w  is  computed  and  compared  to 
a  threshold  T  to  determine  on  which  side  of  the  boundary  hyper-plane  the  observation 
lies.  For  complex  objects,  two  data  surfaces,  while  stiU  possibly  occupying  mutually 
exclusive  regions  of  n-space,  cannot  in  general  be  separated  by  hyper-planes.  In  this 
case  identification  is  performed  by  finding  the  point  on  each  of  the  data  surfaces  at  a 
Tniuimnm  distance  in  n-space  from  an  observation  x.  The  observation  is  classified  as 
having  been  produced  by  the  target  corresponding  to  the  nearer  surface. 

Given  that  one  of  these  two  identification  algorithms  is  to  be  used,  performance 
is  to  a  great  extent  determined  by  the  relative  location  of  the  data  surfaces  for  each 
potential  target.  Specifically,  do  the  surfaces  for  two  targets  intersect?  If  so,  do 
intersections  correspond  to  nearby  aspect  angles  on  the  two  surfaces?  What  is  the 
proximity  of  the  two  sxxrfaces  where  intersections  do  not  occur?  These  questions  axe 
investigated  by  analysis  of  the  data  for  two  targets  on  a  discrete  grid  in  aspect  angle. 
The  behavior  of  the  data  surfaces  in  between  grid  points  is  approximated  by  bilinear 
interpolation.  While  it  would  be  of  extreme  interest  to  know  the  sampling  density  in 
aspect  angle  at  which  bilinear  interpolation  would  provide  an  accurate  approximation 
to  the  actual  data,  such  an  analysis  is  not  performed. 
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The  first  question  addressed  is  that  of  intersection  of  two  data  surfaces.  Four- 
frequency  RCS  measurements  were  simulated  through  computation  for  each  of  two 
targets  (MIG-21  and  F-4)  on  a  rectangular  grid  in  aspect  angle.  Bilinear  interpolation 
is  used  to  approximate  surface  behavior  between  grid  points.  An  algorithm  is  pre¬ 
sented  which  determines  all  intersections  of  the  approximated  surfaces.  The  authors 
correctly  point  out  that  regions  in  which  the  approximated  surfaces  intersect  indicate 
regions  in  which  the  true  surfaces  must  also  intersect,  but  the  converse  is  clearly  not 
true.  Thus,  if  the  grid  spacing  in  aspect  angle  is  not  small  enough  to  accurately 
represent  the  data  surface,  intersections  of  the  true  surfaces  may  exist  which  are  not 
indicated  by  the  intersection  of  the  approximated  surfaces.  The  results  of  this  analy¬ 
sis  were  that  the  approximated  data  surfaces  did  not  intersect  in  the  case  of  vertical 
polarization,  but  intersections  were  found  in  the  case  of  horizontal  polarization.  Only 
one  of  these  intersections  corresponded  to  the  same  region  in  aspect  angle  for  both 
targets.  Thus,  for  aspects  in  this  region,  any  algorithm  would  be  expected  to  have 
difficulty  in  distinguishing  between  the  MIG-21  and  F-4  on  the  basis  of  the  simulated 
four-frequency  horizontal  polarization  data. 

A  second  analysis  addresses  the  question  of  the  proximity  of  two  data  surfaces. 
This  is  computed  as  the  minimum  Euclidean  distance  of  the  two  approximated  sur¬ 
faces  over  each  rectangular  region  in  aspect  angle.  As  with  the  intersection  study, 
the  behavior  of  the  true  surfaces  may  be  worse  than  that  of  the  approximated  sur¬ 
faces.  If  the  grid  spacing  is  too  large,  the  approximated  surfaces  fail  to  represent  local 
deviations  which  may  result  in  closer  proximity.  The  study  as  performed  compared 
four-frequency  vertical  polarization  data  simulated  for  the  MIG- 19  and  F-104  aircraft. 
It  was  found  that  these  two  surfaces  exhibited  the  greatest  proximity  to  one  another 
when  the  radar  line-of-sight  was  within  15  degrees  of  the  plane  of  the  wings  for  both 
aircraft.  Simulation  studies  were  implemented  to  directly  test  the  performance  of  a 
nearest  neighbor  classification  algorithm  on  the  simulated  data.  The  highest  rates 
of  incorrect  classification  were  found  in  the  same  aspect  angle  regions  where  the  two 
data  surfaces  were  most  proximate. 
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3  Discussion  of  Open  Issues 

A  comprehensive  review  of  the  open  literature  has  revealed  a  plethora  of  algorithms 
for  target  identification,  most  of  which  rely  on  comparison  of  observations  to  stored 
templates  for  various  targets  and  orientations.  A  number  of  models  for  HRR  radar 
data  have  been  described,  and  various  authors  have  investigated  the  behavior  of  radar 
data  and  the  implications  for  ATR.  What  questions  have  yet  to  be  addressed? 

It  hcLS  been  widely  recognized  in  recent  efforts  [4,  5,  9,  1,  7]  that  identification  of 
a  dynamic  aircraft  is  best  performed  by  jointly  estimating  all  parameters  of  interest: 
position,  velocity,  orientation,  rotation  rates,  and  target  type.  Position  estimation  or 
tracking  has  been  studied  extensively  and  a  number  of  systems  have  been  successfully 
implemented.  Algorithms  for  identification,  as  reviewed  above,  have  been  proposed 
but  generally  require  knowledge  of  orientation.  The  question  of  estimating  the  ori¬ 
entation  of  a  target  which  produced  a  set  of  radar  measurements  has  received  less 
attention. 

Many  authors  have  noted  that  HRR  radar  data  exhibit  extreme  variability  for 
small  changes  in  aspect  angle,  and  some  have  attempted  quantitative  analyses  of  this 
variation.  A  debate  has  ensued  as  to  the  size  of  the  library  required  to  characterize 
HRR  radar  data  and  whether  the  size  is  so  large  as  to  preclude  identification  using 
these  data.  The  analyses  have  been  based  solely  on  data  sets  taken  for  a  particular 
target  and  a  small  number  of  orientations.  Furthermore,  these  analyses  have  not  fo¬ 
cused  on  whether  the  variation  of  the  data  with  orientation  will  allow  for  estimating 
the  orientation  which  produced  an  observation.  This  could  be  investigated  by  com¬ 
puting  the  inner  product  or  some  appropriate  distance  metric  between  a  given  range 
profile  and  others  resulting  from  the  same  target  at  nearby  orientations. 

As  noted  previously,  Shapiro  [12]  has  developed  a  model  for  laser  radar  reflectivity 
and  used  it  to  compute  the  orientation  change  which  results  in  decorrelation  of  the 
return  for  a  particular  aim  point.  A  model  has  not  been  found  in  the  literature  which 
reveals  the  expected  variation  of  HRR  data  with  target  orientation.  Such  a  model 
could  be  used  to  verify  or  reject  statements  made  by  other  authors.  An  examination 
of  the  theory  of  random  arrays  suggests  modeling  a  radar  target  as  a  collection  of 
isotropic  point  reflectors  randomly  placed  on  a  deterministic  structure. 

Ksienski  and  White  make  a  bilinear  approximation  of  the  surface  in  range  profile 
space  corresponding  to  a  single  target  at  all  possible  orientations.  Can  this  or  another 
interpolation  algorithm  can  be  used  to  compute  range  profiles  for  orientations  between 
library  elements  with  acceptable  accuracy?  If  so,  the  sampling  density  in  orientation 
space  required  for  this  algorithm  to  be  successful  is  of  significant  interest. 
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Ksienski  and  White  make  use  of  their  bilinear  representation  to  determine  whether 
and  where  the  data  surfaces  for  two  targets  intersect,  and  to  compute  the  proximity 
of  these  surfaces.  Their  analysis  is  applied  to  the  case  where  the  data  is  a  series 
of  four  low  frequency  measurements  of  radar  cross  section.  An  application  of  similar 
techniques  to  range  profiles  would  have  much  to  say  about  the  possibility  of  using  these 
data  in  identification  and  the  accuracy  of  prior  knowledge  of  orientation  necessary  for 
successful  identification. 

Many  authors  have  proposed  algorithms  for  extracting  target-specific  information 
from  radar  data.  Most  have  tested  their  algorithms  using  data  which  have  been 
simulated  by  a  computer  program  or  collected  from  scaled  models  of  targets  in  a 
compact  radar  range.  What  hcis  apparently  not  been  done  is  a  direct  analysis  of 
HRR  data  taken  from  real  aircraft.  Can  the  range  profiles  provided  by  existing  radar 
systems  be  used  in  target  identification?  Do  range  profiles  collected  from  a  particular 
aircraft  more  closely  resemble  others  collected  from  the  same  aircraft  than  they  do 
those  collected  from  other  aircraft  at  the  same  orientation?  Note  the  connection  to 
Ksienski’s  computation  of  the  proximity  of  range  profile  surfaces.  As  a  side  issue, 
what  types  of  preprocessing  are  necessary  to  remove  extraneous  dependence  of  HRR 
data  on  parameters  other  than  orientation  and  target  type  (e.g.  Doppler  shift)? 
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4  Some  Initial  Results 

4.1  Reflectivity  Model  Based  on  Random  Arrays 

4.1.1  Motivation 

As  mentioned  previously,  an  integral  part  of  any  system  which  seeks  to  track  and 
identify  dynamic  aircraft  is  the  estimation  of  the  orientation  of  the  aircraft  which 
produced  a  given  set  of  radar  measurements.  This  can  be  accomplished  to  within  a 
certain  accuracy,  perhaps  10  degrees,  when  a  history  of  position  estimates  and  the 
aircraft  dynamics  are  known.  Successful  identification,  however,  will  generally  require 

much  more  accurate  estimates  of  orientation. 

The  question  as  to  whether  HRR  radar  data  can  be  used  in  orientation  estimation 
remains  open.  The  work  of  Shapiro  has  provided  a  model  for  illumination  of  a  planar 
target  by  a  laser  radar  and  an  estimate  of  the  angular  change  over  which  the  return 
will  decorrelate.  However,  no  model  for  radar  reflectivity  has  been  used  to  predict  the 
variation  of  HRR  radar  data  with  the  orientation  of  the  target.  This  section  proposes 
such  a  model. 
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The  model  developed  here  draws  heavily  upon  the  theory  of  random  arrays,  and 
relies  on  the  assumption  that  the  following  measurement  paradigms  are  essentially 
equivalent. 

•  A  linear  array  of  isotropic  receivers  is  exposed  to  the  signal  produced  by  a 
single  distant  point  source.  The  output  signal  is  the  superposition  of  the  signals 
received  by  each  of  the  array  elements. 

•  A  linear  array  of  isotropic  point  sources  is  observed  by  a  single  distant  receiver. 
The  output  signal  is  the  output  of  the  receiver. 

•  A  linear  array  of  isotropic  point  reflectors  is  illuminated  by  a  monostatic  radar 
system.  The  output  signal  is  the  reflected  signal  observed  by  the  radar. 

These  scenarios  are  equivalent  in  the  sense  that  the  same  mathematical  model  can 
be  used  to  predict  the  behavior  of  the  output  signal  as  the  orientation  of  the  array 
is  varied.  The  development  of  this  model  follows  the  treatment  of  random  arrays  by 
Steinberg  [14],  with  additional  insight  drawn  from  Goodman  [2]  and  Johnson  [3]. 

4.1.2'"  The  Linear  Radiator 

Figure  1  displays  a  radiating  element  of  length  L  lying  on  the  a;-axis  in  the  plane. 
Each  point  x  on  the  radiator  is  modeled  as  an  independent  source  of  monochromatic 
radiation  with  wave  number  h  =  27r/A  and  intensity  I{x).  According  to  the  Huygens- 
Fresnel  principle,  the  scalar  field  at  any  point  P  is  given  by  the  linear  superposition 
of  fields  resulting  from  all  of  the  sources 

/•i  p-ikR{x) 

where  R{x)  is  the  distance  from  the  observation  point  P  to  a  point  on  the  radiator 

R{x)  =  ^J{x  -  PxY  +  pI,  (36) 

and  the  effects  of  propagation  are  modeled  as  those  associated  with  an  expanding 
spherical  wave  in  free  space. 
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Simplifications  of  this  model  are  achieved  through  approximations  based  on  the 
assumption  that  the  distance  R{x)  is  much  larger  than  the  radiator  dimension  L.  If 
we  define  R  =  as  the  distance  from  point  P  to  the  origin,  then  an  exact 

expression  for  R{x)  is  given  by 

m  (37) 

Approximations  to  this  expression  are  made  by  retaining  a  sufficient  number  of  terms 
in  the  binomial  series  expansion  for  the  square  root.  In  the  denominator,  only  the 
constant  term  is  retained 

R{x)  Ri  R,  (38) 

and  in  the  complex  exponential,  the  constant  and  linear  terms  are  retained 

+  (39) 


This  leads  to  the  following  expression  for  the  observed  field 


Further  simplification  of  this  expression  is  achieved  by  making  the  more  restrictive 
fax-field  or  Fraunhofer  assumption,  which  requires  that  the  distance  R  be  very  large 
compared  to  the  ratio  of  the  square  of  the  radiator  dimension  to  the  wavelength  of 
the  radiation 

R>’^-  (41) 

In  this  case  the  quadratic  phase  term  is  dropped.  If  we  also  define 

u  =  cos  6  =  (42) 

R 


then  we  have 


jkR  rk 


E(R,u)  =  — 
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Finally,  E{R,u)  and  I{x)  are  replaced  by  normalized  quantities, 


M  = 

i{x)  ^ 


E{R,u) 
E{R,u  =  0) 


(44) 

(46) 


which  yields 

f{u)  =  i{x)e^^^'^dx.  (46) 

Note  that  the  above  expression  suppresses  any  dependence  on  R]  the  radiation 
pattern  for  points  in  the  fax-field  is  expressed  solely  a  function  of  the  direction 
relative  to  the  radiator  through  the  variable  u.  Note  also  that  if  z(a:)  is  defined  to  be 
identically  zero  outside  the  extent  of  the  radiator,  then  this  quantity  and  the  radiation 
pattern  f[u)  are  related  through  the  spatial  Fourier  transform  in  one  dimension. 
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As  an  example,  consider  the  case  where  the  intensity  I{x)  is  constant  over  the 
extent  of  the  radiator, 

I[x)  =  I  ^  i{x)  =  l  Va:€[-f,f].  (47) 

The  radiation  pattern  in  this  case  is  simply  a  sine  function  in  the  variable  u 

sin(^uT/2) 


/(“) 


kuLl2 


(48) 


Note  that,  because  u  —  cos6  €  [—1,1],  the  zeros  associated  with  the  sine  function 
will  be  seen  in  /(u)  only  when  L  >  X. 

4.1.3  Linear  Arrays 

Now  consider  replacement  of  the  continuous  radiator  with  a  linear  array  consisting 
of  a  finite  number  N  of  isotropic  sources  of  monochromatic  radiation  at  discrete 
positions 

L  L^ 

n  =  l,...,N.  (49) 


Xn  € 


2’  2j 


The  normalized  source  intensity  is  given  by 


N 


i{x'^  ^  Xn), 


(50) 


n=l 


where  the  individual  intensities  in  are  assumed  to  sum  to  unity,  and  the  fax-field 
radiation  pattern  is  given  by 


N 


n=l 


(51) 


In  the  case  of  uniform  element  spacing  and  uniform  intensity,  the  radiation  pattern 
reduces  to 


/(«)=  £ 

m=:— cx 

where  d  =  is  the  element  spacing. 


in  [f  («  -  l^)] 


(52) 
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Now  consider  a  linear  array  of  elements  which  produce  monochromatic  radiation  of 
equal  intensity,  and  whose  positions  within  the  array  are  independent  identically 
distributed  random  variables  with  probability  density  function  i£;x(a;)-  In  this  case 
the  far-held  radiation  pattern  is  a  random  process,  the  mean  of  which  is  given  by  the 
characteristic  function  of  the  random  variables  x„. 

^  {/(«)}  =  (53) 

•'*  n=l 

=  (f>yc{ku).  (54) 

The  covariance  function  can  be  found  through  similar  analysis 

EifMfM]  =  (55) 

n=l  mtrl 

=  ^  [<j)x{kui  -  ku2)  +  {N  -  l)<l>x{kui)(f>x{-ku2)]  ■  (56) 

As  an  example,  consider  a  probability  density  function  which  is  constant  over  a 
linear  array  of  length  L,  and  zero  elsewhere. 

'“’■(^)  =  [  0  otherwise 

The  associated  characteristic  function  is  given  by  the  Fourier  transform  of  Wx{x). 


(j)^{u)  = 


sin(a?L/2) 

a;T/2 


Thus,  the  radiation  pattern  associated  with  this  random  array  has  an  expected  value 
given  by 

which  is  identical  to  the  radiation  pattern  of  the  linear  radiator  of  constant  intensity. 
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To  see  that  the  assumption  that  radiating  elements  are  of  uniform  intensity  is 
not  restrictive,  consider  a  linear  array  of  elements  with  random  positions  x„,  and 
with  normalized  intensities  that  axe  modeled  as  unknown  deterministic  parameters 
which  sum  to  unity.  In  this  case,  the  expected  radiation  pattern  is  unchanged: 

E{f(u)}  =  (60) 

n=l 

N 

=  4>x{ku)Y^in  (61) 

n=l 

=  ^xiku).  (62) 

The  expected  behavior  of  a  random  array  is  therefore  determined  by  the  spatial 

distribution  of  the  elements.  The  expected  radiation  pattern  of  a  random  array  with 
elements  of  uniform  intensity  and  positions  distributed  according  to  Wx{x)  will  be 
equal  to  the  deterministic  angular  pattern  of  the  linear  radiator  with  intensity  profile 
i(x)  whenever 

(63) 

4.1.4  Reflectivity  Model  for  a  square  patch 

The  results  of  the  previous  section  are  generalized  to  consider  a  two-dimensional 
radiator  observed  from  a  point  in  three-dimensional  space  (see  figure  2).  A  contiguous 
region  in  the  (x,  y)  plane  surrounding  the  origin  is  filled  with  isotropic  sources  of 
monochromatic  radiation  with  normalized  intensity  function  i(x,y).  The  normalized 
scalar  field  observed  at  a  point  in  the  far-field  at  azimuth  angle  (f)  and  elevation  angle  6 
is  given  by  the  two-dimensional  spatial  Fourier  transform  of  the  normalized  intensity 

f{u,v)  =  J  J  dx  dy,  (64) 

where  u  =  sin  ^  cos  ^  and  v  =  sin  6  sin  (f>.  In  the  above  expression,  integration  is 
performed  over  the  entire  plane  and  i{x,y)  is  equal  to  zero  outside  the  extent  of  the 
radiator. 
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Figure  2:  Geometry  for  determining  radiation  pattern  of  planar  and  volume  radiators. 
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A  planar  array  of  N  isotropic  sources  with  positions  (x„,  y„)  and  intensities  4  has 
normalized  intensity 

N 

2/)  =  13  ^nS{x  -  Xn)S{y  -  yn)  (65) 


and  far-field  radiation  pattern 


iv 

/(u,u)  =  J3 


The  elemental  positions  are  modeled  as  i.i.d.  random  variables  with  probability  den¬ 
sity  function  Wxy{x,y),  and  the  intensity  is  assumed  constant  over  the  array.  The 
expected  value  of  the  radiation  pattern  is  again  given  by  the  characteristic  function 
associated  with  the  random  positions 

E{f(u,v)}  =  (67) 

~  ^xy(^^)  kv').  (^S) 

Let  us  apply  this  model  to  the  example  of  a  flat  square  patch.  Isotropic  radiators 
are  uniformly  distributed  over  a  square  of  dimension  L  in  the  {x,  y)  plane 

u;xy(x,y)  =  I  ^  ^  t~7’ C69') 

1  0  otherwise. 


V)  = 


sin(a7Z-/2)  sin(i/L/2) 


ULI2  ■ 

The  normalized  far-field  radiation  pattern  is  a  random  process  with  mean  and  covari¬ 
ance  given  by 

r,r/-/  M  sm(kuL/2)  sm(kvL/2) 

E{f{u,v)}=  -  I  )  \  I  J 


kuLl2  kvLl2 


E  {f{ux,V-i)f*{u2,V2)}  = 

J_  sin  {k{ui  —  U2)Lf2)  sin  (A:(ui  —  V2)Lf2) 

N  k{u\  —  U2)L/2  k{vi  —  V2)L/2  ^ 

(iV  -  sm{kviL/2)  sm{ku2Ll2)  sm{kv2Lf2) 


kuiL/2  kviLl2  ku2Ll2  kv2L/2 
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Figure  3:  Expected  radiation  pattern  of  a  square  patch  with  randomly  placed  radia¬ 
tors.  The  patch  dimension  T  =  A/10. 

Insight  can  be  gained  by  examining  the  expected  radiation  pattern  for  different 
ratios  of  the  patch  dimension  L  to  the  radiation  wavelength  A.  For  L  <  X,  the 
zeros  of  f{u,  v)  occur  outside  [—1, 1]^,  and  are  therefore  never  reached  for  any  angles 
{(f>,0).  Figure  3  is  a  plot  of  the  expected  radiation  pattern  for  L  =  A/10.  This 
figure  demonstrates  that  the  random  array  model  prescribes  that  targets  significantly 
smaller  then  the  illumination  wavelength  will  appear  to  an  observer  in  the  far-field 
essentially  as  point  sources  whose  return  is  independent  of  orientation. 

For  L  =  X,  the  first  zeros  lie  on  the  border  of  the  visible  region,  |u|  =  1  or  |t;|  =  1, 
as  seen  in  figure  4.  This  region  corresponds  to  eight  points  in  azimuth  and  elevation 

{«,  4’)  €  {(<^1 .  i|)  :  =  ±1. ;  =  0. 1,2,3}  .  (73) 

Hence,  whenever  the  patch  is  observed  from  a  point  in  the  far-field  on  either  the  x- 
or  the  y-axis,  the  patch  “disappears”  in  the  sense  that  the  scalar  field  at  the  observer 
has  a  mean  value  of  zero.  The  reason  for  this  effect  is  more  easily  understood  by 
considering  the  deterministic  square  radiator.  When  observed  from  the  x-  or  y-axis, 
elemental  radiators  are  spread  over  exactly  one  wavelength  in  range,  resulting  in 
complete  phase  cancellation  in  the  observed  field. 

When  L  >  X,  the  expected  radiation  pattern  becomes  highly  directional.  Figure  5 
shows  the  result  for  L  =  lOA.  The  peak  response  is  reached  for  u  =  u  =  0.  This 
corresponds  in  azimuth  to  ^  €  {0,  ±:r},  when  the  plane  of  the  patch  is  perpendicular 
to  the  observation  vector. 
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Figure  4:  Expected  radiation  pattern  of  a  square  patch  with  randomly  placed  radia¬ 
tors.  The  patch  dimension  X  =  A. 


Figure  5:  Expected  radiation  pattern  of  a  square  patch  with  randomly  placed  radia¬ 
tors.  The  patch  dimension  L  =  lOA. 
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In  this  section,  we  have  developed  a  model  for  the  reflectivity  of  a  square  planar 
patch  based  on  the  theory  of  random  arrays.  This  model  allows  us  to  compute  the 
mean,  variance  and  other  moments  of  the  radiation  pattern.  Analysis  of  the  resulting 
expressions  yields  results  which  are  both  intuitive  and  in  agreement  with  other  models 
for  this  phenomenon. 

4.1.5  Extending  the  Model 

The  model  so  far  developed  has  allowed  us  to  generate  a  statisticed  characterization 
of  the  scalar  field  resulting  from  random  placement  of  identical  isotropic  sources  of 
monochromatic  radiation  onto  simple  deterministic  structures.  The  combined  effect 
of  the  far-field  assumption,  which  expresses  the  observed  field  in  terms  of  a  Fourier 
integral  on  the  distribution  of  point  sources,  and  the  use  of  simple  geometric  shapes, 
which  allows  for  evaluation  of  the  integral,  has  yielded  analytic  expressions  for  the  mo¬ 
ments  of  the  radiation  pattern.  Based  on  the  equivalence  discussed  at  the  beginning 
of  this  section,  we  expect  this  behavior  to  translate  well  to  the  case  of  a  collection  of 
randomly  placed  isotropic  point  scatterers  illuminated  by  a  monostatic  radar  system. 
Ultimately,  we  seek  a  model  which  will  predict  the  behavior  of  multidimensional  HRR 
returns  from  complex  3-D  objects  as  their  orientation  is  varied.  The  generalizations 
necessary  to  achieve  this  goal  axe  described  below. 

Three-Dimensional  Arrays  The  case  illustrated  in  fig.  2  is  generalized  to  allow 
the  radiator  to  have  extent  in  the  z  dimension.  The  scalar  field  at  point  P  is  given 


by 

r  r  r  g^-3kR(x,y,z) 

and  the  distance  from  P  to  a  point  in  the  array  is 

R{x,y,z)  =  yj{x-  P:cf  +  (y  -  PyY  +  {z-  PzY  (75) 

Px  =  Rsin^cos^  (76) 

Py  =  RsmO  s\n^  (77) 

Pz  =  RcosO.  (78) 

Under  the  far-field  assumption,  this  reduces  to 


E{P)  =  j  J  J  I{x,y,z)x 

exp  [j  k{x  sin  $  cos  <f>  +  ysm9sm<f>  +  z  cos  0)]  dx  dy  dz.  (79) 
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Note  that  for  a  planar  array,  jz  =  0  and,  after  normalization,  the  above  expression 
reduces  to  the  2-D  spatial  Fourier  transform  relation  given  previously.  With  u  and  v 
as  defined  previously  and  w  =  cos  0,  the  field  at  point  P  can  be  expressed  as  a  spatial 
Fourier  transform  in  three  dimensions.  After  normahzation,  we  have 

f{u,v,w)  =  ///  i{x,  y,  z)e^'^<^^^+y^+^^'>dxdydz.  (80) 

A  volume  array  of  N  isotropic  sources  at  positions  {x^,  2„)  and  with  intensities  in 

has  its  far-held  radiation  pattern  given  by 

N 

f{u,v,w)  =  ^jk{xnU+ynV+Znw) 

n=l 

Our  developirfent  to  this  point  has  investigated  the  radiation  pattern  resulting 
from  a  collection  of  isotropic  sources.  The  reason  for  doing  so  has  been  that  this 
scenario  is  essentially  equivalent  to  the  case  of  illumination  by  a  single  source  of 
a  collection  of  isotropic  reflectors,  and  hence  /(u,  v,  w)  is  a  good  model  for  the  re¬ 
flectance  pattern  of  a  target  illuminated  by  a  monostatic  radar  system.  An  important 
difference,  however,  is  that  the  path  length  from  source  to  sensor  in  the  case  of  mono¬ 
static  radar  is  twice  that  found  in  the  case  of  a  remotely  sensed  array  of  sources. 
Thus,  the  change  in  path  length  induced  by  changing  the  orientation  of  the  target, 
and  therefore  the  change  in  the  phase  of  the  received  signal,  is  likewise  doubled.  The 
proper  expression,  then,  for  the  reflectance  pattern  resulting  from  illumination  of  a 
volume  array  of  isotropic  reflectors  at  positions  {xn,yn,Zn)  by  a  distance  source  of 
electromagnetic  radiation  of  wave  number  k  is 

N 

/(u,u,«;)  =  (82) 

n=l 

A  volume  random  array  of  isotropic  reflectors  with  i.i.d.  elemental  positions  dis¬ 
tributed  according  to  Wxyz{x,yTz)  has  a  normahzed  reflection  pattern  with  mean 

E{f{u,v,w)}  =  (83) 


=  ^xyzi^ku,  2kv,  2kw) , 


and  correlation 


E  {/(ui,  UI,  Wi)f*{u2,  V2,  W2)} 
1  N  N 


1  JV  iV 

^  ^  jgi  |gi2fc[(x„Ul-lTO«2)+(j/„Wl-ymV2)+(znWl-2:m«'2)]  j. 
n=l  m=l 

^  [^xyz(2A;ui  —  2ku2, 2kvi  —  2kv2f  2kw\  —  2kw2) 

+  {N  —  l)^xyz{2kui,2kvi,2kwi)<l>xyz{—2ku2,  —2kv2,  — 2A;tf;2)] .  (86) 
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Note  that,  due  the  the  dependence  of  t«)  on  the  orientation  angles 
the  domain  of  the  radiation  pattern  f{u,v,w)  is  restricted  to  the  unit  sphere.  The 
implications  of  this  restriction  will  be  discussed  further  below. 

Application  to  HRR  Radar  Data  In  the  radar  context,  our  development  thus 
far  allows  for  computation  of  the  expected  variation  with  orientation  of  the  complete 
return  from  the  target  when  illuminated  by  a  signal  of  constant  wavelength.  This 
quantity  is  therefore  closely  related  to  the  single-frequency  radar  cross  section.  While 
the  variation  in  RCS  with  orientation  is  an  interesting  subject  which  has  been  studied 
through  experimentation  and  simulation  by  a  number  of  authors,  our  primary  interest 
lies  in  how  the  HRR  range  profile  will  change  with  orientation.  Ultimately,  we  would 
desire  a  model  which  provides  for  each  target  a  function  of  the  form 

g{R,e,'l>)  (87) 

which,  for  each  aspect  ajigle  pair  (6,  <j>),  describes  the  reflectivity  of  the  target  as  a 
function  of  range.  If  this  quantity  is  modeled  as  a  random  process,  then  examination 
of  the  behavior  of  moments  such  as 

E  y  giR;  O2,  h)  (88) 

will  be  indicative  of  the  performance  of  any  algorithm  which  seeks  to  estimate  orien¬ 
tation  using  such  data. 

In  practice,  measurement  or  simulation  of  the  range  profile  of  a  given  target  is 
performed  by  measuring  or  simulating  an  appropriate  function  of  time.  This  is  due 
to  an  assumed  equivalence  between  the  range  of  a  given  point  on  the  taxget  and  the 
two-way  delay  introduced  to  a  signal  reflecting  off  of  that  point.  In  any  case  the 
data  which  is  observed  from  a  taxget  as  well  as  the  library  of  templates  to  which 
observations  will  be  compared  in  performing  orientation  estimation  will  be  samples 
of  time  functions.  Thus,  we  are  interested  in  moments  such  as 

712  =  ^2,  (t>2)  dtj  (89) 

The  straightforward  method  for  obtaining  a  range  profile  of  a  radar  taxget  is  to  trans¬ 
mit  a  pulse  of  sufficiently  short  duration  to  provide  the  necessary  range  resolution, 
and  examine  the  return  in  the  time  domain.  Alternatively,  one  may  transmit  a  sig¬ 
nal  of  sufficiently  wide  bandwidth.  This  is  done  either  by  making  a  series  of  single 
frequency  measurements  or  by  transmitting  a  chirp  pulse,  in  which  the  frequency 
is  swept  linearly  over  the  appropriate  range,  and  sampling  the  return  in  time.  The 
range  profile  is  often  obtained  from  this  frequency  domain  data  directly  through  the 
inverse  Fourier  transform. 
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Applying  this  method  to  the  random  array  model,  we  begin  by  defining  a  reflection 
pattern  for  which  the  wave  number  of  the  source  is  allowed  to  vary. 

f{ku,  kv,  kw)  (90) 

The  expressions  describing  the  moments  of  this  reflection  pattern  for  a  volume  ran¬ 
dom  array  are  unchanged;  the  change  in  notation  serves  only  to  indicate  that  the 
wavelength  of  the  source  is  no  longer  fixed.  For  any  k,  evaluating  this  expression 
at  different  orientations  corresponds  to  evaluation  at  different  points  on  a  sphere  of 
radius  k.  By  allowing  k  to  vary,  we  can  find  the  value  of  this  function  at  any  point 
in  the  3-D  Fourier  domain  of  /. 
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The  range  profile  is  defined  as  the  inverse  Fourier  transform  of  this  quantity, 

kv,  kw)e^<Uj  (91) 

where  k  =  ujc.  Invoking  Parseval’s  relation,  we  have 

7l2 

=  E^c  j  f{kui,kvi,kwi)f*{ku2,kv2^k'W2)dl^  (92) 

=  j  [^xyz(2A:ui  —  2ku2^2kvi  —  2kv2,2kwi  —  2kw2) 

ly  J 

+  (TV  —  l)^xyz(2fcui,2A:ui,2fcwi)^xyz(— 2fcu2,  —2kv2-,  —2kz2)\  dk.  (93) 

Complex  3-D  Targets  Either  the  exact  or  approximate  expressions  given  above 
will  allow  evaluation  of  the  radiation  pattern  for  a  three-dimensional  radiator  or  array 
via  a  Fourier  integral.  However,  our  ability  to  obtain  analytic  expressions  for  radiation 
patterns  has  been  strictly  dependent  on  the  choice  of  linear  and  square  planar  arrays. 
For  example,  evaluation  of  the  radiation  pattern  for  a  triangular  patch  in  the  (x,  y) 
plane  quickly  becomes  mathematically  cumbersome  as  one  tries  to  properly  define  the 
limits  of  integration.  Similar  analytic  evaluation  for  an  array  which  is  distributed  over 
the  surface  of  a  complex  three-dimensional  object  would  be  exceedingly  intractable. 
It  is  not  clear  at  this  time  how  this  issue  can  be  resolved. 

Relationship  to  Shapiro’s  Model  As  discussed  previously,  Shapiro  has  presented 
a  model  for  the  response  of  a  planar  target  to  illumination  by  a  laser  radar  and 
has  analyzed  the  model  to  consider  the  change  in  orientation  required  to  produce 
decorrelation  in  the  response.  We  have  slightly  extended  his  analysis  to  consider 
the  illumination  of  the  target  by  a  wide  beam,  and  produced  an  expression  for  the 
correlation  between  responses  for  two  different  orientations.  Shapiro’s  model  is  based 
on  describing  the  reflectivity  of  the  target  as  a  spatial  random  process,  the  domain 
on  which  is  the  plane  in  which  reflection  takes  place.  The  change  in  the  reflectivity 
with  orientation  is  ascribed  to  the  change  in  the  phase  of  reflections  from  points  on 
the  target  due  to  an  adjustment  of  the  range  of  these  points.  The  model  developed 
in  this  section  has  arrived  at  a  similar  result  from  different  assumptions;  here  the 
responses  from  individual  reflectors  are  deterministic  and  the  random  nature  and 
spatial  dependence  of  the  reflectivity  arise  out  of  random  placement  of  reflectors  on 
the  surface  of  the  target.  Like  Shapiro,  the  effects  of  changing  orientation  are  due  to 
the  change  in  the  phase  of  the  return  from  individual  reflectors.  Unification  of  these 
models  may  be  achieved  by  allowing  the  intensity  profile  i(x,y,  2:)  in  the  random 
array  model  to  also  be  a  random  process.  In  any  case,  it  is  clear  that  quantitative 
comparison  of  these  two  models  to  each  other  and  to  known  results  would  provide  an 
important  test  of  their  validity. 
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4.2  Simulation  Results 


This  section  discusses  three  studies  that  have  been  made  concerning  the  variability 
of  simulated  range  profiles  for  small  changes  in  orientation.  Returns  from  two  simple 
targets  were  simulated  using  xpatch  over  different  regions  in  orientation  space.  Most 
algorithms  for  orientation  estimation  and  identification  compare  observations  with 
a  library  of  stored  templates.  We  examine  the  behavior  of  the  Euclidean  distance 
between  a  simulated  range  profile  and  those  drawn  from  nearby  orientations,  to  see 
if  the  data  could  successfully  be  used  in  orientation  estimation  via  either  a  global 
search  or  a  gradient-based  local  search. 

4.2.1  Aiin-92  Missiles 

In  our  first  study,  xpatch  was  used  to  simulate  range  profiles  for  a  wireframe  model 
of  a  pair  of  Aim-92  missiles.  The  missiles  are  each  approximately  150  inches  long 
and  40  inches  in  diameter  and  are  in  a  fixed  side-by-side  position  relative  to  each 
other.  The  return  is  computed  for  each  of  1024  bins  covering  200  inches  in  range, 
which  included  the  entire  extent  of  the  target.  The  elevation  angle  was  fixed  at  —15 
degrees  while  the  azimuth  was  varied  between  —15  and  —25  degrees;  the  sampling 
in  azimuth  was  nonuniform,  with  the  sampling  density  increasing  in  the  vicinity  of 
—20  degrees.  This  nonuniform  sampling  was  chosen  to  allow  for  examination  of  the 
behavior  of  the  range  profile  on  multiple  scales  in  azimuth  while  keeping  the  total 
number  of  computed  range  profiles  reasonable. 

Suppose  we  are  given  the  range  profile  at  —20  degrees  azimuth  as  an  observation, 
and  the  entire  set  of  range  profiles  as  a  library.  Can  we  use  these  data  to  estimate 
the  azimuth  which  resulted  in  the  observation?  Figure  6  is  intended  to  address  this 
question.  On  the  left,  the  Euclidean  distance  between  each  range  profile  and  the 
range  profile  at  —20  degrees  azimuth  is  plotted.  It  is  clear  that  for  the  case  examined 
here,  orientation  estimation  is  indeed  possible;  the  distance  between  the  observation 
and  the  range  profile  corresponding  to  the  true  orientation  (identically  zero)  is  much 
different  from  the  computed  distance  for  any  other  azimuth.  Clearly  this  sharp  spike 
could  be  located  with  a  global  search  over  an  appropriate  interval  in  azimuth. 
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Figure  6:  Euclidean  distance  between  range  profiles  of  a  pair  of  missiles,  ^ge 
profiles  have  been  simulated  for  a  sampling  in  azimuth  angles 

degrees  Distance  between  each  range  profile  and  the  range  profile  at  -20  degr^s 
is  Sotted.  The  plots  show  that  orientation  estimation  from  these  data  is  possible 
using  either  a  global  or  a  gradient-based  search,  given  sufficiently  fine  sampling  of 
orientation  space  and  an  accurate  initial  guess. 


The  plot  on  the  right  of  figure  6  is  an  enlargement  showing  ^ 

vicinity  of  -20  degrees.  Both  plots  demonstrate  the  extreme  variability  of  the  sim¬ 
ulated  range  profiles  for  small  changes  in  orientation.  The  width  of  the  mam  lo  e 
indicates  that  sampling  finer  than  0.1  degrees  in  azimuth  is  necessary  to  cha,Ta.cten 
the  range  profile.  Furthermore,  the  enlargement  shows  that  orientation  estimati 
via  a  gradient  search  is  possible  using  these  data,  provided  that  an  initial  ® 

true  orientation  is  available  which  is  in  error  by  not  more  than  0.1  degrees  The  sl^e 
of  this  graph  is  generaUy  negative  to  the  left  of  -20  degr^s  and  positive  to  the  rigl^h 
Thus  tL  local  behavior  of  this  metric  would  quickly  push  a  gradient  based  search  to 

the  global  minimum  at  the  truth. 
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Figiire  7:  Euclidean  distance  between  range  profiles  for  box  target.  Range  profiles 
have  been  simulated  for  a  sampling  of  azimuth  angles  between  ±9  degrees.  Dis¬ 
tance  between  each  range  profile  and  the  range  profile  for  0  degrees  is  plotted.  The 
smooth  variation  in  distance  with  azimuth  will  allow  for  orientation  estimation  using 
a  gradient  search  even  when  the  initial  estimate  has  significant  error. 

4.2.2  Rectangular  Box 

To  see  whether  the  behavior  previously  observed  is  exhibited  by  other  targets,  a 
similar  study  was  performed  using  a  rectangular  box.  The  box  dimensions  are  32  x 
34  X  36  inches.  Range  profiles  were  simulated  for  0  degrees  elevation  and  for  azimuth 
angles  between  ±9  degrees.  The  Euclidean  distance  between  each  range  profile  and 
the  range  profile  at  0  degrees  azimuth  is  plotted  in  figure  7.  The  wide  main  lobe 
indicates  that  sampling  in  azimuth  on  the  order  of  1  degree  may  be  sufficient  to 
represent  the  data.  Additionally,  the  extremely  smooth  nature  of  this  graph  implies 
that  gradient-based  orientation  estimation  is  possible,  even  when  the  initial  guess  is 
in  error  by  several  degrees. 

One  might  wonder  whether  the  extremely  favorable  behavior  seen  in  the  previous 
study  was  a  function  of  the  simplicity  of  the  target.  A  third  study  has  shown  that 
this  is  not  the  case.  This  study  is  identical  to  the  second,  except  that  the  box  has 
been  rotated  so  that  the  nominal  azimuth  angle  is  45  degrees. 
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Figure  8:  Euclidean  distance  between  range  profiles  for  box  target.  Range  profiles 
have  been  simulated  for  a  sampling  of  azimuth  angles  between  36  and  54  degrees. 
Distance  between  each  range  profile  and  the  range  profile  for  45  degrees  is  plotted. 
The  behavior  exhibited  here  indicates  that  orientation  estimation  using  these  data 
would  be  difficult  with  either  a  global  or  a  gradient-based  search. 

In  figure  8  the  left  plot  shows  the  Euclidean  distance  between  the  observation 
and  range  profiles  computed  for  azimuths  between  36  and  54  degrees,  and  the  right 
plot  is  an  enlargement  in  the  vicinity  of  45  degrees.  These  plots  show  that  orientation 
estimation  using  a  global  search  will  likely  result  in  errors,  as  there  are  many  eizimuths 
near  the  true  value  for  which  the  distance  between  the  associated  range  profile  and 
the  observation  is  nearly  zero.  Furthermore,  even  if  an  initial  guess  of  azimuth  is 
available  which  is  accurate  to  within  0.1  degrees,  the  slope  of  the  graph  would  tend 
to  push  a  gradient  based  search  away  from  the  truth  and  toward  a  local  minimum. 

We  have  conducted  three  studies  of  the  variation  of  the  range  profile  with  orienta¬ 
tion,  using  data  simulated  for  different  targets  and  nominal  orientations.  The  results 
vary  widely  in  their  implications  for  the  sampling  density  in  orientation  required  to 
describe  the  behavior  of  the  range  profile,  and  for  the  usefulness  of  these  data  in 
estimating  the  orientation  corresponding  to  an  observed  range  profile  using  either 
a  global  or  gradient-based  search.  It  is  clear  that  the  behaviors  studied  are  highly 
dependent  on  both  the  target  type  and  the  nominal  orientation. 
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4.3  Analysis  of  Real  HRR  Data 

In  this  section,  the  results  of  analysis  of  range  profiles  collected  by  an  actual  radar 
system  from  aircraft  in  flight  are  presented.  The  collection  of  the  range  profiles 
was  performed  several  yeaxs  prior  to  this  analysis.  The  only  sources  of  information 
regarding  the  conditions  of  the  experiment  and  the  nature  of  the  data  are  a  few  pages 
of  handwritten  notes,  which  are  incomplete,  and  the  data  encoded  in  the  header  of 
each  range  profile,  which  are  frequently  uninformative  or  self-inconsistent.  As  such, 
it  has  been  necessary  to  make  a  number  of  assumptions  regarding  the  measurement 
scenario  and  the  nature  of  corruptions  of  the  data.  These  assumptions  have  been 
based  on  any  actual  knowledge  available,  examination  of  the  data  in  the  time  and 
frequency  domains,  and  common  sense  where  no  direct  evidence  is  available. 
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Correlation  Magnitude 


Figure  9:  Magnitude  of  119  range  profiles  observed  for  the  Cessna  310  aircraft.  The 
high  degree  of  similarity  for  all  the  range  profiles  in  this  data  set  supports  the  model 
of  the  range  profile  as  the  sum  of  a  deterministic,  orientation-dependent  signal  and  a 
random  noise  process. 
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Figure  10:  Effects  of  variation  in  the  phase  of  range  profiles  from  the  DC-10  data 
set.  The  absolute  inner  product  between  pairs  of  range  profiles  is  shown  in  (a).  The 
magnitude  of  the  fast  Fourier  transform  of  each  range  profile  is  shown  in  (b).  Note 
that  peaks  in  correlation  correspond  to  pairs  of  range  profiles  that  occupy  the  same 
frequency  band. 
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We  have  been  provided  with  four  sets  of  range  profiles  for  each  of  six  different 
civilian  aircraft.  These  data  were  collected  in  an  experiment  performed  by  Rome 
Laboratory  in  which  targets  of  opportunity  were  illuminated  by  an  S-band  radar. 
Vertical  polarization  was  used  during  transmission  and  reception  of  radar  signals. 
Each  of  the  24  data  sets  consists  of  119  range  profiles  collected  over  a  time  interval 
of  less  than  one  second,  with  successive  range  profiles  occurring  approximately  5 
milliseconds  apart.  The  change  in  the  orientation  of  the  illuminated  aircraft  with 
respect  to  the  radar  system  between  adjacent  range  profiles  is  exceedingly  small. 
Therefore,  if  the  range  profile  can  be  correctly  modeled  as  the  sum  of  a  deterministic, 
orientation-dependent  signal  and  a  random  noise  process,  then  one  would  expect  that 
the  range  profiles  in  a  given  data  set  for  a  particular  aircraft  would  be  very  similar 
to  one  another. 

Figure  9  shows  that  this  is  indeed  the  case  for  one  of  the  data  sets.  In  this 
figure,  plots  of  the  magnitude  of  each  of  119  range  profiles  of  the  Cessna  310  are 
superimposed.  The  self-consistency  of  the  range  profiles  in  this  data  set  is  evident  in 
that  the  individual  traces  which  make  up  this  plot  lie  nearly  on  top  of  one  another, 
leading  to  the  conjecture  that  these  range  profiles  should  be  highly  correlated  with 
one  another.  This  turns  out  not  to  be  the  case,  as  the  phases  of  the  individual  range 
profiles  vary  significantly  from  one  to  the  next. 

The  mechanism  responsible  for  the  phase  variation  is  illustrated  in  figure  10.  One 
set  of  range  profiles  for  the  DC-10  aircraft  was  selected.  The  magnitude  of  the  inner 
product  computed  between  pairs  of  range  profiles  from  this  set  is  shown  in  10(a).  Thus 
the  main  diagonal  in  this  figure  indicates  the  energy  in  each  range  profile.  What  is 
striking  about  this  figure  is  that  the  highest  peaks  other  than  the  main  diagonal  occur 
some  90  range  profiles  away,  indicating  that  a  given  range  profile  is  much  more  highly 
correlated  with  a  range  profile  collected  nearly  half  a  second  later  than  it  is  with  any 
of  those  in  between.  The  reason  for  this  is  shown  in  10(b),  which  is  a  contour  plot  of 
the  magnitude  of  the  fast  Fourier  transform  of  each  of  the  range  profiles.  Note  that 
the  frequency  domain  representation  of  the  range  profiles  are  very  similar  except  that 
they  are  shifted  relative  to  one  another;  peaJcs  in  correlation  correspond  to  pairs  of 
range  profiles  that  occupy  roughly  the  same  frequency  band. 
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Figure  11:  Absolute  inner  product  of  pairs  of  range  profiles  after  applying  frequency 
shift,  (a)  DC-10  data  set.  (b)  DC-9  data  set.  (c)  Cessna  310  data  set.  The  flatness 
of  these  plots  indicates  the  similarity  of  the  range  profiles  within  each  set.  Note  that 
the  energy  of  the  range  proflles  varies  between  data  sets  by  an  order  of  magnitude. 
This  will  be  eliminated  through  normalization. 

There  are  two  distinct  frequency  shifts:  one  varies  linearly  with  the  range  profile 
index  and  the  other  consists  of  discontinuous  jumps.  A  possible  explanation  is  that 
the  linear  component  is  a  differential  Doppler  shift  induced  by  an  approximately  linear 
acceleration  of  the  aircraft  relative  to  the  radar,  and  that  the  discontinuities  are  the 
result  of  an  attempt  to  correct  for  the  Doppler  shift  based  on  an  estimate  of  the  target 
velocity  over  each  illumination  interval.  In  any  case,  the  general  appearance  of  this 
frequency  plot  is  replicated  over  all  24  sets  of  range  profiles,  indicating  that  the  range 
proflles  in  a  given  set  are  self-consistent,  except  for  a  relative  frequency  shift. 

On  the  assumption  that  the  observed  frequency  shifts  are  erroneous,  an  attempt 
was  made  to  correct  for  them  by  multiplying  each  range  profile  by  a  complex  expo¬ 
nential  such  that  the  peak  of  the  frequency  response  was  shifted  to  DC.  Figure  11 
illustrates  the  results  of  this  correction.  The  absolute  inner  product  of  pairs  of  cor¬ 
rected  DC-10  range  profiles  is  shown  in  11(a),  and  should  be  compared  with  10  (a). 
Note  that  the  correlation  between  corrected  range  profiles  is  high  across  the  entire 
data  set.  Similar  frequency  shifts  were  applied  to  range  profiles  collected  for  the  DC-9 
and  Cessna  310  aircraft,  and  the  resulting  pairwise  inner  products  are  plotted  in  11(b) 
and  11  (c),  respectively.  The  fact  that  individual  range  profiles  are  highly  correlated 
with  others  observed  for  the  same  aircraft  indicates  that  the  process  of  range  profile 
measurement  is  highly  repeatable,  that  is,  the  effects  of  receiver  noise  and  other  dis¬ 
tortions  introduced  in  the  measurement  process  are  not  severe  enough  to  drastically 
change  the  observed  range  profile.  In  particular,  the  change  in  orientation  relative  to 
the  radar  system  experienced  by  these  aircraft  during  an  illumination  interval  on  the 
order  of  one  second  is  small  enough  that  the  range  profile  remains  relatively  constant. 
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Figure  12.  A  naive  identification  test.  The  absolute  inner  product  of  pairs  of  range 
profiles  from  the  DC-10  data  set  is  shown  in  (a).  The  absolute  inner  product  of  each 
range  profile  from  the  DC-10  and  each  range  profile  from  the  DC-9  is  shown  in  (b). 
The  absolute  inner  product  of  each  range  profile  from  the  DC-10  and  each  range 
profile  from  the  Cessna  310  is  shown  in  (c).  Because  the  DC-10  range  profiles  are 
more  highly  correlated  with  themselves  than  with  range  profiles  for  the  other  aircraft, 
these  data  and  the  absolute  inner  product  metric  could  be  used  in  identification. 


It  is  now  desired  to  use  these  data  sets  to  perform  a  naive  identification  test. 
Suppose  that  some  of  the  range  profiles  for  each  aircraft  are  stored  as  a  library  of 
templates,  and  one  of  the  remaining  range  profiles  is  selected  as  an  observation.  Can 
the  aircraft  which  produced  the  observation  be  identified  by  simply  computing  the 
inner  product  of  the  observation  with  each  of  the  templates?  In  a  more  realistic  iden¬ 
tification  test,  observations  would  be  compared  to  templates  stored  for  each  aircraft 
at  identical  orientations.  This  could  be  approximately  true  for  these  data  if,  for  ex¬ 
ample,  the  aircraft  were  all  illuminated  while  on  identical  flight  paths  or  while  landing 
at  the  same  runway.  In  any  case,  we  will  ignore  this  discrepancy  for  the  purposes  of 
our  test. 
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Figure  13:  Side  view  of  3  tests 

Before  proceeding  with  the  test,  note  the  ridges  in  the  plots  of  figure  11  which 
correspond  to  range  profiles  of  slightly  higher  energy  than  their  neighbors.  Note 
also  that  the  energy  of  the  range  profiles  for  different  aircraft  vary  by  two  orders  of 
magnitude.  Both  of  these  variations  will  be  eliminated  by  normalizing  each  range 
profile  to  have  an  energy  of  1000. 

Figure  12  shows  the  results  of  the  first  identification  test.  The  absolute  inner 
product  between  pairs  of  Doppler-corrected,  normalized  range  profiles  from  the  DC- 
10  data  set  is  plotted  in  12  (a).  The  absolute  inner  product  of  each  DC-10  range 
profile  with  each  range  profile  from  the  DC-9  and  Cessna  310  data  sets  is  shown  in  12 
(b)  and  12  (c),  respectively.  Note  that  the  DC-10  range  profiles  axe  more  highly 
correlated  with  each  other  than  they  are  with  those  from  the  other  two  aircraft.  We 
will  therefore  say  that  these  data  and  the  absolute  inner  product  metric  could  be  used 
for  identification,  subject  to  the  caveats  mentioned  previously. 

The  difference  between  the  three  plots  of  figiure  12  can  be  seen  by  plotting  the 
rows  of  all  three  inner  product  matrices  on  the  same  set  of  axes,  as  in  figure  13  (a). 
The  upper  group  of  traces  in  this  plot  correspond  to  the  self-correlation  of  the  DC- 10 
range  profiles,  while  the  middle  and  lower  groups  of  traces  correspond  to  the  cross¬ 
correlation  of  the  DC-10  data  with  the  DC-9  and  Cessna  310  data,  respectively.  Note 
that  the  upper  group  of  traces  is  almost  completely  separated  from  the  lower  two 
groups,  indicating  that  range  profiles  from  the  DC-10  data  set  are  consistently  more 
highly  correlated  with  each  other  than  they  are  with  range  profiles  from  the  other 
aircraft.  The  one  exception  to  this  rule  is  range  profile  number  7  from  the  DC- 10 
data  set,  which  has  exceptionally  low  correlation  with  others  for  the  same  aircraft. 
Examination  of  the  original  data  indicates  that  range  profile  number  7  may  be  shifted 
in  range  relative  to  others  in  the  DC-10  data  set,  resulting  in  the  low  correlation. 
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Figure  13  (b)  shows  the  results  of  correlating  range  profiles  from  the  DC-9  data  sets 
with  all  three  data  sets.  The  uppermost  group  of  traces  is  again  the  self-correlation 
data,  followed  by  the  cross-correlation  with  the  DC-10  and  Cessna  310  data  sets, 
respectively.  Note  that  the  separation  seen  previously  is  not  evident  here;  Certain 
DC-9  range  profiles  are  less  highly  correlated  with  others  than  they  are  with  some 
DC-10  range  profiles.  Thus,  it  may  not  be  possible  to  perform  identification  on 
an  observed  DC-9  range  profile  by  correlating  with  templates  for  various  aircraft. 
It  should  be  noted  that  the  DC-9  range  profiles  did  not  exhibit  the  consistency  in 
magnitude  which  was  shown  in  figure  9  for  the  Cessna  310  data.  Examination  of  this 
data  set  indicates  that  the  range  profiles  axe  corrupted  by  a  periodic  modulation,  the 
source  of  which  is  not  known. 

Figure  13  (c)  shows  an  analogous  identification  test  for  the  Cessna  310  data  set. 
Here  the  Cessna  range  profiles  are  much  more  highly  correlated  with  each  other  than 
with  those  of  the  DC-10  or  DC-9.  Such  behavior  might  be  expected  as  the  Cessna 
differs  from  the  other  aircraft  in  size,  propulsion,  maximum  velocity,  and  a  number  of 
other  factors,  although  the  precise  nature  of  the  discrepancy  cannot  be  inferred  from 
examination  of  these  data  sets. 

.Examination  of  figure  12  indicates  that  the  absolute  inner  product  of  the  first  and 
last  range  profiles  has  a  value  which  is  approximately  0.85  times  the  energy  in  these 
range  profiles.  It  would  be  desirable  to  determine  the  change  in  the  orientation  of  the 
aircraft  during  the  collection  of  these  data,  in  order  to  estimate  the  orientation  change 
which  would  produce  decorrelation  in  the  range  profiles.  The  data  files  from  which 
these  range  profiles  were  extracted  each  have  a  header  which  indicates  the  position 
of  the  aircraft  relative  to  the  radar  system  during  each  illumination  interval.  It  was 
hoped  that  analysis  of  the  header  data  would  allow  for  estimation  of  the  orientation 
change.  For  a  variety  of  reasons,  such  analysis  has  proven  elusive.  We  therefore 
assume  without  justification  the  following  data  collection  scenario:  the  DC-10  is  flying 
directly  toward  the  radar  system  with  a  velocity  of  500  miles  per  hour,  at  a  nominal 
distance  of  10  miles  and  a  nominal  elevation  angle  of  30  degrees  during  illumination, 
and  the  complete  set  of  119  range  profiles  were  collected  over  an  interval  of  one  second. 
Using  these  assumed  values,  trigonometric  calculations  yield  an  orientation  change 
during  data  collection  of  0.4  degrees.  Thus  we  would  expect  that  these  range  profiles 
would  decorrelate  over  an  orientation  change  on  the  order  of  1  to  2  degrees.  While  it 
is  difficult  to  have  confidence  in  these  numbers  due  to  the  ad  hoc  assumptions  made 
in  producing  them,  if  they  are  roughly  correct  they  would  indicate  that  the  variation 
of  the  range  profile  with  changes  in  orientation  is  considerably  less  volatile  than  that 
which  was  predicted  for  complex  targets  by  analysis  of  simulated  data. 
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5  Proposal  of  Future  Work 

This  document  has  summarized  the  research  I  have  done  in  investigating  the  problem 
of  Automatic  Target  Recognition  and  the  role  of  High  Range  Resolution  radar  data 
in  performing  orientation  estimation  and  identification  tasks.  A  radar  reflectivity 
model  Wets  developed  which  may  be  used  to  compute  the  expected  variation  of  the 
range  profile  with  target  orientation.  Simulated  range  profiles  were  produced  using 
the  software  package  xpatch  and  the  variation  of  the  data  for  small  changes  in  orien¬ 
tation  was  studied.  Actual  HRR  radar  range  profiles  were  analyzed  to  determine  the 
extent  to  which  they  are  self-consistent  over  multiple  illuminations  of  the  same  tar¬ 
get,  and  the  extent  to  which  they  are  target  specific.  The  results  have  provided  very 
limited  insight  into  some  fundamental  issues  related  to  the  successful  implementation 
of  algorithms  capable  of  recognizing  aircraft  from  their  radar  reflections. 

Further  work  to  investigate  these  questions  would  begin  with  extensions  to  the 
work  already  done.  Completion  of  the  radar  reflectivity  model  based  on  random 
arrays  to  yield  the  expected  variation  of  the  range  profile  of  a  complex  target  with 
small  changes  in  orientation  is  highly  desirable.  The  primary  obstacle  to  completion 
of  this  task  is  the  issue  of  integration  over  the  target  surface. 

Additional  simulation  studies  using  xpatch  would  investigate  the  variation  in  the 
range  profiles  in  the  vicinity  of  a  number  of  nominal  orientations.  Implementation  of 
exhaustive  and  gradient-based  searches  on  these  data  for  orientation  estimation  are 
clearly  indicated. 

Further  analysis  of  real  range  profiles  is  also  warranted.  Knowledge  of  the  aircraft 
position  and  orientation  during  each  illumination  would  be  very  useful  for  under¬ 
standing  the  variation  in  real  radar  data  as  the  orientation  of  the  aircraft  changes 
during  illumination.  Work  is  progressing  toward  development  of  a  library  of  range 
profiles  simulated  by  xpatch  for  one  of  the  aircraft  for  which  we  have  real  data,  with 
the  goal  of  searching  this  library  to  estimate  the  orientation  of  the  real  aircraft  dur¬ 
ing  illumination.  This  in  turn  requires  understanding  the  conditions  under  which  the 
range  profiles  simulated  by  xpatch  can  be  expected  to  accurately  represent  the  real 
data. 
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Interpolation  of  range  profiles  is  an  important  issue  which  has  not  been  addressed 
in  this  document.  In  implementing  a  gradient-based  search  for  orientation  estima¬ 
tion,  knowledge  of  the  range  profiles  corresponding  to  orientations  which  are  not  grid 
points  is  required.  If  the  density  of  grid  points  is  high  enough,  then  range  profiles  in 
between  these  points  can  be  found  through  an  appropriate  interpolation  algorithm. 
Of  particular  interest  is  the  grid  density  required  such  that  range  profiles  found  by 
interpolation  are  a  sufficiently  accurate  representation  of  those  resulting  from  direct 
simulation.  Possible  measures  of  quality  for  interpolated  range  profiles  include  the 
squared  magnitude  of  the  error  between  interpolated  and  simulated  range  profiles, 
as  compared  to  the  energy  in  the  range  profiles.  Alternatively,  we  may  investigate 
the  grid  density  required  such  that  an  interpolated  range  profile  is  closer  to  one  ob¬ 
tained  by  direct  simulation  than  are  any  of  the  range  profiles  corresponding  to  the 
grid  points  from  which  the  interpolation  was  performed.  In  addition  to  direct  analysis 
of  simulated  data,  it  would  be  extremely  useful  if  the  random  array  model  could  be 
used  to  make  theoretical  predictions  regarding  the  grid  density  required  for  successful 
interpolation. 

The  analysis  performed  by  Ksienski  and  White  was  important  in  that  it  was  the 
first  attempt  to  examine  the  radar  data  surface  corresponding  to  a  given  target  at  all 
orientations,  and  to  investigate  the  target-specific  nature  of  the  data  by  examining  the 
extent  to  which  data  surfaces  for  different  targets  occupy  mutually  exclusive  regions 
in  the  data  space.  A  similar  study  of  the  intersection  and  proximity  of  range  profile 
surfaces  for  multiple  targets  is  desired.  The  grid  density  necessary  for  interpolation 
would  be  used  in  this  study  also,  to  ensure  that  analysis  of  the  intersection  and  prox¬ 
imity  of  approximated  data  surfaces  is  representative  of  the  properties  of  the  complete 
surfaces.  An  important  result  of  this  analysis  would  be  the  accuracy  of  orientation 
estimates  required  such  that  identification  coxild  be  successfully  performed. 

The  ultimate  goal  of  this  research  is  clearly  the  successful  implementation  of  ori¬ 
entation  estimation  and  identification  tasks  using  real  or  simulated  range  profiles,  and 
the  incorporation  of  these  tasks  into  a  larger  system  capable  of  detecting,  tracking 
and  identifying  multiple  dynamic  aircraft  over  time.  Work  is  progressing  on  this  de¬ 
velopment.  The  analyses  performed  in  the  preparation  of  this  document  and  those 
proposed  in  this  section  will  aid  in  understanding  how  a  successful  implementation 
may  be  achieved  and  in  predicting  the  performance  that  will  result. 
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V.  Software 

In  this  section,  we  provide  a  complete  listing  of  the  code  developed  for  Rome  Labo¬ 
ratory  as  part  of  this  project.  The  code  is  fully  commented.  The  programs  run  in  a  dis¬ 
tributed  computing  environment  in  our  laboratory.  Most  of  the  programs  run  on  Silicon 
Graphics  machines.  Others  run  on  our  Maspar  12000  (the  128  by  128  array  of  processors 
that  are  used  by  the  recognition  and  tracking  algorithms  for  the  computationally  intensive 
parts  of  the  algorithms).  The  communications  between  the  sections  of  code  are  docu¬ 
mented  along  with  the  data  flow. 
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JOINT  TARGET  TRACKING  AND  IDENTIFICATION  DEMONSTRATION 


INTRODUCTORY  INFORMATION 

The  software  package  docimented  here  is  a  demonstration  of  a  system 
for  joint  target  tracking  and  identification  using  multiple  radar 
sensors.  Ultimately,  our  envisioned  system  will  perform  detection, 
tracking,  orientation  estimation,  and  target  type  identification 
in  a  multiple  target  scenario.  The  system  documented  here  performs 
detection,  tracking,  and  orientation  estimation  for  a  single  target. 

The  general  structure  of  this  software  system  is  displayed  in  three 
figures  included  with  the  documentation.  As  indicated  in  figure  1, 
this  system  actually  consists  of  three  programs  which  run 
simulataneously .  Data  simulation  and  estimation  of  all  target 
parameters  is  perfromed  by  a  program  on  the  DEC  MPP.  Two  separate 
programs  that  display  the  results  of  tracking  and  orientation 
estimation,  respectively,  are  run  on  a  Silicon  Graphics  workstation. 
Sockets  are  established  for  communication  of  true  and  estimated 
parameters  from  the  MPP  estimation  algorithm  to  the  SGI  visualization 
programs . 

Figure  2  provides  a  simplified  flow  diagram  of  the  estimation 
algorithm.  After  initializing  communication  sockets,  the  true  track 
for  the  target  is  read  from  a  disk  file.  This  file  is  produced 
using  a  Silicon  Graphics  flight  simulator,  and  consists  of  a  history 
of  positions  and  orientations  for  the  target  at  discrete  time 
instants . 

For  each  segment  in  the  track,  data  from  a  cross  array 
of  radar  sensors  is  simulated  in  real-time  using  the  true  position 
of  the  target.  Tracking  of  the  target  is  performed  using  jump- 
diffusion  processes.  A  jump  move  is  randomly  selected  by  the 
algorithm.  In  this  demonstration,  the  jump  move  may  consist  of  a 
track  birth,  which  corresponds  to  detection  of  a  new  target, 
segment  birth,  in  which  an  existing  track  is  extended  by  one 
segment,  or  segment  death,  in  which  an  existing  track  is  reduced 
by  one  segment.  This  jump  move  is  accepted  or  rejected  by 
evaluating  the  data  loglikelihood  with  and  without  the  proposed 
jump  move.  Diffusions  are  performed  on  the  last  64  estimated 
target  positions  to  maximize  the  loglikelihood  of  the  tracking  data. 

An  observed  range  profile  is  simulated  by  selecting  from  a  library 
of  range  profiles  which  have  been  precomputed  for  a  discrete  set  of 
orientations  of  the  target.  The  range  profile  corresponding  to  the 
discrete  orientation  nearest  the  true  orientation  is  selected  as 
the  observed  range  profile.  Orientation  estimation  is  achieved  by 
performing  a  gradient-based  search  through  the  library  in  order  to 
minimize  the  squared  error,  summed  over  all  range  bins,  between 
observed  and  library-selected  range  profiles. 

Figure  3  provides  a  more  detailed  desciption  of  the  jump-diffusion 
process  as  it  applies  to  the  general  scenario  of  joint  target 
detection,  tracking  and  identification.  Note  that  in  this  figure, 
the  additional  jump  moves  of  track  death,  which  corresponds  to 
deleting  a  hypothesized  target  from  the  scene,  and  change  of  target 
type,  which  is  only  applicable  in  systems  which  perform  target 
identification,  are  included. 

Further  explanation  of  the  operation  of  this  software  package  is 
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Silicon  Graphics 


S': 
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Present  Configuration:  c 
Candidate  Configuration:  c' 
Number  of  Targets  =  M 


Initialize 
M  =  0  /  c  =  0 


Figure  3 


I.  Track  Death:  Remove  jth  track  from  c. 

II.  Track  Birth:  Add  a  new  track  to  c. 

III.  Segment  Death:  Remove  last  segment  from  jth  track. 

IV.  Segment  Birth:  Add  one  segment  to  jth  track. 

V.  Change  Target  Type:  Change  target  ID  of  jth  track. 
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The  current  directory  is 
~atr/demo 

This  is  the  top  directory  containing  a  software  package  which 
performs  detection,  tracking  and  orientation  estimation  on  a 
single  target  using  simulated  data.  The  only  source  code  in 
this  directory  is  the  main  mpp  program  called  main.m.  This 
program  performs  some  initialisations  and  calls  other  routines 
to  simulate  data  and  estimate  target  parameters.  These  routines 
are  contained  in  the  following  subdirectories: 

anujsrc/  Contains  mpp  tracking  routines. 

display/  Contains  C  program  big.c  which  displays  tracking 

results . 

faisalsrc/  Contains  mpp  routines  for  orientation  estimation. 

include/  Contains  all  header  files. 

marksrc/lib/  Contains  mpp  target  detection  routines. 

sgi/  Contains  C  program  display _rps . c  which  displays 

results  of  orientation  estimation. 

Further  information  is  available  in  the  subdirectories. 
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/*******************************************■******************************** 

main.m 

★*************************************************************************** 
These  comments  last  edited  6/13/95  by  Jason  August  (jtal@cec.wustl.edu) 
main.m  is  the  first  part  of  the  tracking/recognition  program. 

It  does  the  following: 

1)  read  in  the  track-data  file  from  the  SGE  flight  simulator.  This 
data  is  only  used  to  show  actual  vs .  predicted  paths  when  displayed 
for  testing  purposes,  and  is  not  seen  by  the  tracking  and 
recognition  algorithms. 

2)  call  initialization. m  to  set  up  network  communication  sockets 
and  to  read  the  object  templates  file  which  contains  all 
information  known  about  objects  to  be  tracked  (except  their 
path  and  location  of  course) 

**  End  Introductory  Comments  */ 

^i,ir****  ********************************************************************* 

Header  Files  to  be  included. . . 

***************************************************************************/ 
tinclude  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

tinclude  <mpl.h>  /*  MasPar  programming  language  header  */ 

tinclude  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

tinclude  <ppeio.h>  /*  parallel  processing  environment  i/o  header  */ 

tinclude  <fcntl.h>  /*  file  system  control  header  */ 

tinclude  <su/values .h>  /*  DEC  header  file  of  common  values  */ 

tinclude  <su/stdlib.h>  /*  DEC  std.  library. h  ( /usr/maspar/ include /su)  */ 
tinclude  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

tinclude  <faisalheader .h>/*header  for  orientation  estimation  routines  */ 

/*  End  Header  Files  to  be  included  */ 

^*************************************************************************** 
Global  Variable  Declarations 

i,**************************************************************************/ 


plural  float  index_u,  /*  an  index  matrix  */ 

index_d,  /*  an  index  martix  */ 

JumpRand;  /*  random  j\imp  matrix  */ 

int  send_to_jupiter_1995,  /*  socket  1995  sends  display  data  */ 

send_to_jupiter_1991,  /*  socket  1991  also  sends  display  data  */ 

recv_from_jupiter_1992,  /*  socket  1992  gets  display  feedback  */ 

num_obj  =0,  /*  number  of  objects  detected  when  */ 

/*  simulation  begins:  0  */ 

do_jupiter  =  1;  /*  display  the  data  */ 

float  track[OBJNUM_MAX] [tracksize] [3] ,  /*  position  history  of  target  */ 
pitch[OBJNUM_MAX] [tracksize] ,  /*  orientation  history  */ 

yaw[OBJNUM_MAX] [tracksize] , 
roll [OBJNUM_MAX] [tracksize] ; 


float  next_orient_pl [3] ,  next_orient_vw[3] ; 


/******  Global  Variables  for  Orientation  Estimation 


int  num_yaw,  count,  bins, 

total_num_rp,  rp_per_layer ,  layers, 
p_count,  y_count,  mem,  proc_n\jm. 
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are_rps_a_f ile ,  want_to_save_dict , 
rp_count,  fd; 

int  *pitch_vect,  *sum_pitch_vect,  k; 

char  dir_name[200] ,  data_f ilename [200] , 

rp_dict_filename[200] ,  duininy_string  [200]  ; 

float  init_pitch,  init_yaw,  delta_yaw, 
f—Pitch,  f_yaw,  dummy,  val, 
found_pitch_prime,  found_yaw_prime, 
init_roll,  init_pitch_prime,  init_yaw_prime, 
found_pitch,  found_yaw,  found_roll; 

float  *delta_pitch_vect,  typ,  tpp, 
flag,  zl,  z2; 

float  true_pitch,  true_yaw,  true_roll, 
true_pitch_prime,  true_yaw_prime; 

int  true_proc_num,  true_mem; 

unsigned  char  test_flag; 

plural  float  *rp_dictionary,  *f_data, 
noise_re,  noise_im; 


int  f_sock; 

/*******  End  Global  Variable  Declarations  ********************************* y 
visible  extern  int  sendinit_jupiter ( ) ; 


main: 

This  function  starts  all  of  the  program's  processing  that  runs  on  the 
MasPar  and  it's  Alpha  front  end  (currently  theseus) 

**************************************^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^ 

main (int  argc,  char  *argv[]){ 


int  i,  r;  /* 

char  name[80];  /* 

FILE  *fp;  /* 

float  scale;  /* 

/* 

plural  float  uniform_rv,  /* 

expo_rv; 


loop  variables  *  / 
true  track  file  name  */ 
true  track  file  pointer  * / 
scaling  factor  for  the  random  value  * / 
that  temporarily  times  jump  moves  */ 
random  matrices  used  for  jump  moves  */ 


/*  if  there  are  >  1  command  line  parameters,  don't  send  data  to  trackina  */ 
/*  display  program  */ 


if  (argc  >  1)  do_jupiter  =0; 

pr int f ( "Reading  from  the  binary  file  \n"); 

/*  Read  real  track  from  binary  file;  it  will  be  sent  to  the  display  */ 

for(r=l;r<  OBJNUM_TRU+l;  r++) 

{ 
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sprint f (name , " • • /Flight_Sim/ Cessna . %d.bin" , r+1 ) ; 
fp  =  fopen(name, "r" ) ; 

i  =  fread(track[r] ,sizeof (float) ,3*(tracksize) ,fp) ; 
i  =  fread(pitch[r] .sizeof (float) , (tracksize) , fp) ; 
i  =  fread(roll[r] , sizeof (float) , (tracksize) ,fp) ; 
i  =  fread(yaw[r] , sizeof (float) , (tracksize)  ,fp) ; 

printf("Read  file  value  %d\n",r); 

for  (i=0;i<tracksize;i++) 

track[r] [i] [0]  +=  9000.0; 


} 
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The  current  directory  is 
~atr/demo/anu j  src 

This  directory  contains  routines  for  performing  target  tracking 
using  simulated  data  from  a  cross-array  of  radar  sensors. 

The  routines  are  described  individually: 

Performs  initialization,  reads  in  the  track-data  file 
(from  SGI  flight  simulator),  calls  initialization. m  for 
setting  up  the  socket  communications  and  reading  the 
templates  file.  After  initialization  base.m  takes  over. 

This  is  the  file  which  controls  the  flow  of  the  algorithm. 

It  calls  other  subroutines  like  jumps,  diffusions,  .... 

The  important  tasks  being  done  in  base.m  are: 

a.  Sending  track-input  over  to  SGI  for  display. 

Inside  the  iterative  loop: 

b.  Generates  the  tracking  data  (data.m)  and  receives 
the  imaging  data  from  SGI. 

c.  Selecting  the  type  of  jump  move,  executing  it. 

It  uses  routines  like_calculation.m,  j\nnp_process .m 

d.  Calls  diff.m  for  num_diff  (number  of  diffusion)  cycles 
of  the  diffusion  process  for  the  current  track. 

e.  Calculates  and  maintains  the  prior  covariance  matrices 
from  equations  of  motion  for  prior  on  tracks.  This  uses 
files  covariance. m  and  reshaping_covariance.m. 

Generates  the  tracking  data  sets 

Performs  diffusion  cycles.  It  calculates  the  gradients 
of  the  likelihood  energy  and  all  the  chain  rule 
combinations  required. 

5.  jump_process .m: 

Calculates  the  candidate  for  the  next  track  segment  given 
that  a  segment  birth  move  has  been  chosen.  Uses  the  equations 
of  motion  to  perfrom  candidate  selection. 

6.  convert. m:  Performs  various  conversions  required  to  shift  between 

various  parameters: 
positions  ->  velocities 
velocities  ->  positions 
rectangular  ->  spherical  coordinates 

7 .  write_socket . m : 

Sends  results  back  to  SGI  for  display  at  every  iteration. 

8.  GaussRand.m;  Generates  Gaussian  pseudo-random  nubers. 

9.  covariance .m: 

Computes  covariance  of  posisition  vector. 

10.  init_jupiter .m: 


1.  main.m: 

2.  base.m: 


3.  data.m  : 

4.  diff.m  : 
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Initializes  local  socket  connection  for  tracking  results, 
sends  true  track  over  socket - 


11.  initialization. m:  , 

initializes  long  distance  socket  connection  for  tracking 

results,  sends  true  track  over  socket. 


12.  like_calculation.m:  .  . 

Computes  the  likelihood  for  various  potential  :ump  moves. 


12.  matrix_mult .m; 

Parallel  implementation  of  linear  algebra  operations. 


13.  reshaping_covariance.m: 

Reorders  entries  in  covariance  matrices. 


14.  shiftwindow.m: 

Shifts  the  64-length  track  window. 


See  the  source  code  for  further  comments. 
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Gauss Rand. m 

***★★★**★**★*★★★★*★***★★★*★★★*★★*★*•**★****★**★**********★**★***★************ 
This  program  assigns  random  values  to  the  array  gaussl  according  to 
Gaussian  distribution.  The  mean  of  the  value  is  0  and  the  variance  is 
1.  It  transforms  2  uniform  random  nuxnbers  to  a  Gaussian  random  number 
for  each  element . * / 

Header  Files  to  be  included. . . 

#include  <stdio.h>  /*  standard  i/o  header  */ 

#include  <mpl.h>  /*  MasPar  programming  Language  header  */ 

# include  <math.h>  /*  math  header  */ 

#include  <su/values .h>  /*  DEC  header  file  of  common  values  */ 
tinclude  <su/stdlib.h>  /*  DEC  std.  library. h  ( /usr/ma spar /include /su)  */ 

y*************************************************************************** 
Function:  GaussRand 

***************************************************************************y 

void 

GaussRand (plural  float  *gaussl) 

{ 

plural  float  rand,  /*  the  random  nxunber,  between  0  and  1  */ 
theta,  /*  a  uniform  random  angle  */ 
r;  /*  Rayleigh  distributed  random  radius  */ 

float  pi, 

scale;  /*  scales  p_random  to  between  0  and  1  */ 

pi  =  4.0*atan(1.0) ; 
scale=2147483647.0; 

theta=2*pi* (p_random( ) /scale)  ; 

rand=p_random { ) /scale; 
while  (rand==0) { 

rand=p_random ( ) /scale; 

} 

r=fp_sqrt ( -2 . 0*fp_log (rand) ) ; 

*gaussl=r*fp_cos (theta) ; 

} 

/*  End  Function:  GaussRand  */ 
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This  is  the  main  program  that  is  executed  on  the  MasPar.  It  calls  the 
other  programs ... 

***********************************************  End  Introductory  Comments  */ 


Header  Files  to  be  included —  ******************************/ 


# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 


<stdio.h> 

<math.h> 

<mpl .h> 

<mpml . h> 
<ppeio.h> 
<fcntl .h> 
<stdlib.h> 
<values .h> 
<sys /types .h> 
<sys/stat .h> 
<sys/f ile .h> 
<su/unistd.h> 


/*  standard  i/o  header  */ 

/*  math  header  */ 

/*  MasPar  programming  language  header  */ 

/*  MasPar  mathematics  library  header  */ 

/*  parallel  processing  environment  i/o  header  */ 
/*  file  system  control  header  */ 

/*  standard  library  */ 

/*  DEC  header  file  of  common  values  */ 


# include 
# include 
# include 
# include 
# include 


/ 


<head.h> 

<param.h> 

" . ./marksrc/lib/head.h”/ 

" . . /include/main.h" 

" . . /include/faisalheader.h" 


the  big  headerfile  that  everything  is  in  */ 
/*  system  parameter  header  file  */ 

more  of  the  stuff  like  head.h  */ 


/*  End  Header  Files  to  be  included  */ 


Global  Variable  Declarations  **^*************************************/ 


extern 

extern 

extern 

extern 


extern 

extern 

extern 

extern 

extern 


plural  float  index_u, index_d; 

int  send_to_jupiter_1995,  send_to_jupiter_1991; 
int  recv_from_jupiter_1992; 
float  track [OBJNUM_MAX] [tracksize] [3], 
pitch [OBJNUM_MAX] [tracksize] , 
yaw[OBJNUM_MAX] [tracksize] , 
roll [OBJNUM_MAX] [tracksize] ; 
plural  int  rob_data [0BJNUM_MAX/2] ; 
int  num_ob j ,  do_jupiter; 
float  true_pitch, true_yaw, true_roll ; 
float  init_pitch,  init_yaw,  init_roll; 
float  found_yaw,  found_pitch,  found_roll; 


/*************************************************************************** 
function:  track_init 
form  index  matricies  for  the  tracks 

i,n,^,*i,i,i,*************  ******************************************************  / 

void  track_init ( ) 

{ 

/*  Forming  index  matrices  */ 

index_u  =  index_d  =  iyproc  ; 

index_u  =  index_u  -  15.5; 

index_d  =  index_d  -  47.5; 

if  ( iyproc  >  31) 

index_u  =  0.0; 


} 


if(iyproc  <  32) 

index_d  =  0.0; 


y^****'*********************************************************************** 

function:  base 

initialize  variables 
initial  data  generation 
select  track 
choose  jump  move  - 

segment  birth,  segment  death, 
track  birth  (object  detection) 
do  jump  process  (see  if  choice  is  acceptable) 
diffusion 

*******************************************************************************  y 

void  base (plural  float  expo,  plural  float  uniform_rv) 

{ 

int  j , n, r, len_track, i , k,num_dif f , shift_yes, f lag=l , option=0 , DELETE_TRY; 

. int  n_obj [OBJNUM_MAX] , sel, read_indx,max_indx, jump_mode, jump_mode_bak; 
plural  int  len_mask; 

float  pi,X0 [OBJNUM_MAX] , YO [OBJMJM_MAX] , ZO [OBJNUM_MAX] ,  Prob_jump; 
int  len_obj [OBJNUM_MAX] , obj_num_est ,  move_type,  accept_reject; 
plural  float  range_dat; 
plural  float  theta, phi, psi; 
plural  float  T[3][3]; 

plural  float  cov_in[OBJNUM_MAX] [3] [2] ; 
plural  float  cov_out [OBJNUM_MAX] [3] [2] ; 
plural  float  K_x [OBJNUM_MAX3 [3 ] [2] ; 
plural  float  dat_r , dat_i ; 
plural  float  u,v,w; 
plural  float  X,Y,Z; 

plural  float  alpha [OB JNUM_MAX/2 ], beta [OB JNUM_MAX/2] ; 
double  timer_sample ( ) , timed_data; 

float  p_rate [OBJNUM_MAX] , c[_rate [OBJNUM_MAX] , r_rate [OBJNUM_MAX] ; 

float  flip, likeli, like_d, like_n, like_b; 

float  rot_mat [3 ] [3 ] ; 

plural  int  datum [OBJNUM_MAX] ; 

float  jump_rv; 
int  jump_choice; 

/*****  TRACK_BIRTH  variables  ******/ 

plural  float  tmp_Data[2],  Data[2],  candidate; 

float  cand_el , cand_a2 ,X_temp, Y_temp, Z_temp, Cand_Range,pos [OBJNUM_MAX] [3] ; 
int  index [ OB JNUM_MAX ] ; 

float  Xinit [OBJNUM_MAX] , Yinit [OBJMJM_MAX] , Zinit [OBJNUM_MAX] ; 
plural  int  rej_mask  =  1; 

/*  initialize  variables  */ 
pi  =  4.0*atan(1.0) ; 
theta  =  phi  =  psi  =  0.0; 
dat_r  =  dat_i  =0.0; 
u=v=w=0.0; 
len_track  =  1500; 
read_indx  =  -1; 
len_mask  =  0; 

move_type  =  accept_reject  =  0; 
sel  =  1; 
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f or ( r=  0 ; r<OB JNUM_MAX ; r + + ) 

{ 

n_obj [r]  =  -1; 
len_obj [r]  =  -1; 
index [ r ]  =  0 ; 

} 


for  (r=0 ;  r<nuin_obj  ;  r++ ) 

{ 

X0[r]  =  track[r] [0] [0] ; 
Y0[r]  =  track[r] [0] [1] ; 
Z0[r]  =  track[r] [0] [2] ; 

} 


printf ( "BASE:  done  initializing  variables  \n"); 


/*  Initial  data  generation  for  track  birth  */ 
max_indx  =  -1; 

printf ( "BASE:  ready  to  call  DATA\n"); 
data  (len_obj  , max_indx ,  &;dat_r ,  &dat_i )  ; 

printf ( "BASE:  returning  from  DATA\n"); 


Data[0]  =  0; 

Data  [  1 ]  =  0 ; 

Data[0]  =  xnetE[64+max_indx] .dat_r; 

Data[l]  =  xnetE[64+max_indx].dat_i; 

for (j=0; j<STOPF+l;  j++) 

{ 

printf ( "Simulation  Iteration  =  %d  ******** \n ",j); 
shift_yes  =  0; 


/***  Selecting  the  track  ****/ 

for (r=0 ; r<num_obj ; r++) 

read_indx  =  max ( read_indx , len_obj [r] ) ; 


printf ("\t  Est:  "); 
for(r=0;  r  <num_obj ;  r++) 

printf ("  %d-%d",r,len_obj [r] ) ; 
printf ( ”\n" ) ; 


if  (do_jupiter)  write_socket (num_obj , send_to_jupiter_1995 ,  len_obj ,  n_obj , 

len_track,move_type,  accept_re ject ,  X,  Y,  Z,  index); 

/***  choice  of  a  jump  move  (random  for  now;  each  has  the  same 
probablility )  ***/ 

srandom(get_rand_seed( ) ) ; 

/*  select  jump  (track)  value  for  speed  improvement  */ 
if (num_obj  <  OBJNUM_TRU) 
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jump_rv  =  0.8; 

else 

j  ■ump_rv  =  ( random  0*1.0)  /MAXINT  ; 

/*  start  selecting...  */ 

if  {  ( j\jmp_rv  <  1.0)  &&  (nnm_obj  >  0)) 

{ 

jump_choice  =  SEG_BIRTH; 
move_type  =  1; 

printf("\t  JUMP  MOVE:  SEG_BIRTH\n“ ) ; 

else  if  {(jump_rv  <  0.8)  &&  (num_obj  >  0)) 

{ 

jump_choice  =  SEG_DEATH; 
move_type  =  2 ; 

printf("\t  JUMP  MOVE:  SEG_DEATH\n" ) ; 

} 

else  if  ((jump_rv  <  1.0)  II  (num_obj  ==  0)  &&  num_obj  <  3) 

{ 

jvimp_choice  =  TRACK_BIRTH; 
move_tYpe  =  3 ; 

printf(“\t  JUMP  MOVE:  TRACK_BIRTH\n" ) ; 

} 

if ( jump_choice  ==  SEG_DEATH) 

{ 

if (len_obj [sel]  >  3) 

{ 

DELETE_TRY  =  1; 

printf("\t  Trying  to  Delete  segment  %d  of  track  %d\n", 
len_obj [sel] -1, sel) ; 

/***  Deletion  of  segment  ***/ 
option  =  1; 

like(option, sel,n_obj , dat_r , dat_i ,  range_dat, alpha, beta, 

&like_d,  X,Y,Z); 

/***  No  addition  or  deletion  *****/ 
option  =  2; 

like (option, sel, n_obj , dat_r , dat_i ,  range_dat, alpha, beta, 

&like_n,  X,Y,Z); 


*  ★  *  ^ 


n 


cks  ****/ 


if(-like_d  >  -like_n) 

{ 

/***  No  segment  added  or  deleted  in  this  option  ** 
printf("\t  \t  - Didn't  accept  the  Delete  optionXn 


else 


/***  Compensate  for  the  n_obj  values  for  other  tra 

accept_reject  =  2; 

} 

accept_reject  =  1; 

/***  Segment  deleted  from  end  of  sel^'th  track  **** 


/ 
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} 

else 

{ 


printf("\t  \t  Deleting  %dth  segment  from  track  %d\n", 
len_ob j [ sel ] -1 ,  sel )  ; 
len_obj [sel]  =  len_obj [sel] -1; 
n_obj [sel]  =  n_obj [sel] -1; 

} 

} 

else 

accept_reject  =  2; 

if  (jump_choice  ==  SEG_BIRTH) 

/***  Selecting  the  track  ****/ 
if  (num_obj  >  0) 

sel  =  (sel  +  1)  %  num_obj; 


DELETE_TRY  =  0; 

printf("\t  Track  index  for  segment  birth  =  %d\n",sel); 
n_obj [sel] ++; 
len_obj [sel]++; 

if (n_obj [sel]  >  63) 

{ 

shift_Yes  =  1; 
n_obj [sel]  =  63; 

dat_r  =  xnetE[l] .dat_r; 
dat_i  =  xnetE[l] .dat_i; 

u  =  xnetS [1] .u; 

V  =  xnetS [1] . v; 
w  =  xnetS [1] .w; 

for ( r=0 ; r<  num_ob j ;  r++ ) 

{ 

XO [r]  =  proc [0] [r] .X; 

Y0[r]  =  proc [0] [r] -Y; 

ZO [r]  =  proc  [0]  [r] -Z; 

} 

theta  =  xnetS [1] . theta; 
phi  =  xnetS [1] -phi; 

psi  =  xnetS [1] -psi; 

range_dat  =  xnetS[l] .range_dat; 

if{ixproc  ==  63) 

dat_r  =  dat_i  =  0.0; 

if(iyproc  ==  63) 

{ 

u=v=w=0.0; 

X=Y=Z=0.0; 
theta  =  phi  =  psi  =  0.0; 
range_dat  =  0.0; 

} 

f or (r=0 ; r<num_obj ; r++ ) 

n_obj [r]  =  n_obj [r]  -  1; 

n_obj[sel]  =  n_obj [sel] +1; 
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} 


/****  Complete  Data  Generation  ******/ 

max_indx  =  -1; 

for ( r=0 ; r<num_obj ; r++ ) 

niax_indx  =  max {max_indx, n_obj  [r] )  ; 

data  (len_obj  ,max_indx,  &dat_r,  &:dat_i)  ; 
range_data (index,  len_obj ,  max_indx,  &range_dat); 

f or ( r=0 ; r<num_obj ; r++ ) 

{ 

if(iyproc  <=  n_obj [r]  &&  ixproc  ==  r) 
len_mask  =  1; 

else  ifdyproc  >  n_obj  [r]  &&  ixproc  ==  r) 
len_mask  =  0; 

} 

/**************  Setting  the  rotation  angles  provided  *****/ 

if(iyproc  ==  n_obj [sel]  &&  ixproc  ==  sel) 

{ 

if (pitch [sel] [len_obj [sel] ]  <  0) 

theta  =  pitch[sel] [len_obj [sel]]*pi/180.0  +  2*pi; 
else  if (pitch [sel] [len_obj [sel] ]  >  360.0) 

theta  =pitch[sel] [len_obj [sel]]*pi/180.0  -  2*pi; 

else 

theta  =  pitch[sel][len_obj[sel]]*pi/180.0; 

if (yaw[sel] [len_obj [sel] ]  <  0) 

psi  =  yaw[sel] [len_obj [sel] ] *pi/180.0  +  2*pi; 
else  if (yaw[sel] [len_obj [sel] ]  >  360.0) 

psi  =yaw[sel] [len_obj [sel] ] *pi/180.0  -  2*pi; 

else 

psi  =  yaw[sel][len_obj[sel]]*pi/180.0; 

if (roll [sel] [len_obj [sel] ]  <  0) 

phi  =  roll [sel] [len_obj [sel] ] *pi/180.0  +  2*pi; 
else  if (roll[sel] [len_obj [sel] ]  >  360.0) 

phi  =roll[sel] [len_obj [sel] ]*pi/180.0  -  2*pi; 

else 

^  phi  =  roll[sel][len_obj[sel]]*pi/180.0; 

forTn_sin_cos (len_mask, theta, phi, psi, T) ; 


/******  junip  process:  to  find  nth  position  or  n-lth  velocity  ******/ 

/* 

*  appends  a  segment  birth  candidate  in  three  body  frame  velocities 

*  with  the  track  index  sel 
*/ 

jump_metro (n_obj , sel, read_indx, theta, phi, psi, 

&u, &v, &w, T,p_rate, q_rate, r_rate) ; 

/* 

convert  velocity  histories  to  inertial  frame  position  histories 
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METROPOLIS 
(form  cone 


*  for  all  tracks 
*/ 

conv  ( n _ obj  ,  len_mask/  XO  ,Y0/Z0,T,u,v,W  /  &X/  ScY ,  &Z )  / 

/* 

*  convert  position  histories  from  rectangular  to  spherical 

*  coordinates  for  all  tracks 
*/ 

short_conv (n_obj , X, Y, Z , alpha , beta , len_mask) ; 

SELECTION  ********************************/ 
of  possibilities,  select  segment  path)  ***/ 

/***  No  addition  or  deletion  *****/ 
option  =  2; 

like (option, sel,n_obj ,dat_r,dat_i,  range_dat, alpha, beta, 

&like_n,  X,Y,Z); 

/***  Adding  segment  to  selected  track  *****/ 
option  =  3; 

like ( option, sel , n_ob j , dat_r , dat_i ,  range_dat , alpha , beta , 

&like_b,  X,Y,Z); 


if(-like_n  >=  -like_b) 

^  /**  Candidate  has  lower  energy  ***/ 

accept_reject  =  1; 

printf("\t  \t — Segment  accpeted  for  birthXn");) 

else 

Prob_jump  =  exp(like_b  -  like_n) ; 

if (random()/2147483647.0  >  Prob_jump) 

{ 

DELETE_TRY  =  1; 

len_obj[sel]  =  len_obj [sel]  -1; 
n_obj[sel]  =  n_obj [sel] -1; 

printf("  Candidate  Rejected" ) ; 

} 

accept_reject  =  2; 
printf ( " \n" ) ; 

} 

^******  Taking  care  of  the  covariances  of  each  track  **  / 

if (shift_yes) 

{ 

for ( r=0 ; r<  num_ob j ;  r++ ) 

{ 

shif t_cov_in ( r , cov_in) ; 
shift_cov_out (r, cov_in) ; 

} 

} 

if (n_obj [sel]  >  -1) 

form_cov(n_obj [sel] , cov_in, sel,p_rate,  <3_rate, r_rate) 
reshape_cov (n_obj , sel , cov_in, cov_out ) ; 
mymatmul (n_obj [sel] , sel, T, cov_out , K_x) ; 

} 


y  ★  *  ★  ★  * 


Lower  triangle  matrix  for  speed  *****/ 


for (i=0 ; i<3 ; i++) 

{ 

f or ( k=  0 ; k<2 ; k++ ) 

{  . 

if ( (iyproc<ixproc  &&  ixproc<64)  II  (iYproc<ixproc-64  &&  ix 

proc>63 ) ) 

K_x[sel] [i] [k]  =  0.0; 

} 

} 

} 

else  if  (jurap_choice  ==  TRACK_BIRTH) 

{ 

for  (r=0;r<nrm_obj ;r++) 

{ 

pos[r][0]  =  Xinit[r]; 
pos[r] [1]  =  Yinit[r]; 
pos[r][2]  =  Zinit[r]; 

} 

max_indx  =  -1; 
f or ( r = 0 ; r<num_ob j ; r+ + ) 

max_indx  =  inax(inax_indx,n_obj  [r]  )  ; 

tmp_Data[0]  =  Data[0]; 
tmp_Data [ 1 ]  =  Data [ 1 ] ; 

candidate  =  t_birth(tmp_Data,  pos,  nuin_ob j ,  rej_mask) ; 

cand_el  =  proc [0] .candidate; 
cand_a2  =  proc [1] .candidate ; 

Cand_Range  =  range_detect (cand_el,  cand_az,  index,  num_ob j ) ; 

if  (Cand_Range  >  0) 

{ 

cand_el  =  cand_el  *  pi  /  180; 
cand_az  =  cand_az  *  pi  /  180; 

XO [nuin_obj]  =  Cand_Range*cos (cand_el) *cos {cand_az) ; 
Y0[nuin_obj]  =  Cand_Range*cos (cand_el) *sin (cand_a2) ; 
Z0[nuin_obj]  =  Cand_Range*sin (cand_el) ; 

Xinit  [num_obj  ]  =  XO  [nuin_obj  ]  ; 

Yinit  [nuin_obj  ]  =  YO  [nuin_obj  ]  ; 

Zinit  [nuin_obj  ]  =  ZO  [n\xm_obj  ]  ; 

/***  No  addition  or  deletion  *****/ 
option  =  2; 

like_track_birth (nuin_ob j , Data ( 0 ] , Data [ 1 ] , range_dat , 

&:like_n,  Xinit, Yinit,  Zinit)  ; 

/***  Adding  track  *****/ 

option  =  4; 

like_track_birth (nvim_obj  +1 , Data [ 0 ] , Data [ 1] ,  range_dat , 

&like_b,  Xinit , Yinit , Zinit ) ; 

if(-like_n  >=  -like_b) 

{ 

/**  Candidate  has  lower  energy  ***/ 
printf("\t  \t — Object  accepted  for  birthXn"); 
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e]  .rej_inask  =  0; 


e] .rej_mask  =  0; 


} 


num_ob j  ++ ; 
accept_reject  =1; 

} 

else 

{ 

printf(“\t  Object  rejected  for  birthXn"); 

proc [ ( int )  proc [ 1 ] [ 0 ] . candidate] 

[ ( int )  proc [ 1 ] [ 1 ] . candidat 

accept_reject  =  2; 

} 

} 

else 

{ 

printf("\t  Object  rejected  for  birth\n"); 

proc [ ( int )  proc [ 1 ] [ 0 ] . candidate ] [ ( int )  proc [ 1 ] [ 1 ] . candidat 

} 


/****  Re-evaluating  len_mask  and  n_obj  ******/ 
max_indx  =  -1; 
f  or  ( r=0 ;  r<nuin_ob  j  ;  r++ ) 

max_indx  =  max(max_indx,n_obj [r] ) ; 


for  (r=0;r<ntiin_obj  ;r++) 

{ 

if(iyproc  <=  n_obj [r]  &&  ixproc  ==  r) 
len_mask  =  1; 

else  ifdyproc  >  n_obj  [r]  &&  ixproc  == 
len_mask  =  0 ; 


} 


r) 


/**********  Diffusion  process  ,  gradients  over  all  tracks  *****/ 

obj_nuin_est  =  0; 
for  (r=0 ;  r<nuin_obj  ;  r++ ) 

obj_nuin_est  =  obj_num_est  +  proc [max_indx] [r] . len_mask; 

if(sel  ==  nura_obj-l) 

nuin_diff  =  (proc  [j]  .expo  +  20)  ; 

else 

num_diff  =  0; 

/***  Orientation  estimation  using  xpatch  simulated  range  profiles  ***/ 

true_pitch  =  pitch [ sel ] [len_obj (sel] ] ; 
if (true_pitch  >=  180.0) 

true_pitch  =  true_pitch  -  360.0; 

true_roll  =  roll [sel] [len_obj [sel] ] ; 
if(true_roll  >  180.0) 

true_roll  =  true_roll  -  360.0; 

true_yaw  =  yaw[sel] [len_obj [sel] ]  +  90.0; 
if(true_yaw  >  360.0) 

true_yaw  =  true_yaw  -  360.0; 
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if (len_obj [sel]  ==  ORSTART) 

{ 

init_pitch  =  true_pitch; 
init_j(^aw  =  true_yaw; 
init_roll  =  true_roll; 

} 

else 

{ 

init_pitch  =  found_pitch; 
init_yaw  =  found _yaw; 
init_roll  =  true_roll; 


if (max_indx  >  -1) 

{ 

diff {nxam_dif f , sel, n_obj , len_obj , dat_r, dat_i, range_dat , &X, &Y, &Z,X0, 
YO , ZO , K_x, cov_out , len_mask) ; 
if (len_obj [sel]  >=  ORSTART  &&  len_obj [sel]  <  OREND) 

{ 

if (len_obj [sel]%ORSKIP  ==  0) 

{ 

simulate (len_obj [sel] ) ; 
search ( ) ; 

} 

} 

} 

back_conv( len_mask,X,  Y,  Z,X0,  YO,  Z0,T,  &u,  &v,  Scw)  ; 

} 


/*************************************************************************** 
function:  read_sock 

this  function  reads  data  from  the  socket 
***************************************************************************/ 
int  read_sock(int  insock, char  *ptr,int  sz) 

{ 

int  rd=0; 

int  ret ; 

while  (rd  <  sz)  { 

ret  =  read ( insock, ptr, sz-rd) ; 
if  (ret  <=  0)  return(ret); 
ptr  +=  ret; 
rd  +=  ret; 

} 

return (rd) ; 
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/*************************************************************************** 
convert .m 

**************************************************************************** 
Performs  various  conversions  required  to  shift  between  various 
parameters:  positions,  velocities,  azimuth-elevation-range,... 

Forward  conversion,  backward  conversion,.. 

**  End  Introductory  Comments  */ 

/*************************************************************************** 
Header  Files  to  be  included. . . 

***************************************************************************/ 
#include  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

#include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

/*************************************************************************** 
Global  Variable  Declarations 

***************************************************************************/ 
extern  int  num_obj ; 

/*  End  Global  Variable  Declarations  */ 

/*************************************************************************** 
function:  conv 

This  is  the  main  conversion  function.  It  converts  the  body  frame 
velocity  histories  for  all  tracks  to  inertial  frame  position  histories, 
***************************************************************************/ 
void 

conv(int  n_obj [OBJNUM_MAX] , /*  length  of  each  track  (0  to  63)  */ 

plural  int  len_mask,  /*  =1  wherever  valid  track  data  exists  */ 
float  XO [OBJNUM_MAX] ,  /*  inertial  frame  initial  positions  for  */ 
float  YO [OBJNUM_MAX] ,  /*  each  track  */ 
float  ZO [OBJNUM_MAX] , 

plural  float  T[3][3],  /*  rotation  matrix  from  body  to  inertial  frame 

for  each  segment  of  all  tracks  */ 
plural  float  u,  /*  body  frame  velocity  histories  */ 

plural  float  v,  /*  for  all  tracks  */ 

plural  float  w, 

plural  float  ^X,  /*  output  new  inertial  frame  position  */ 

plural  float  *Y,  /*  histories  for  all  tracks  */ 

plural  float  *Z) 

{ 

int  i,  /*  index  counter  */ 

r,  /*  object  counter  */ 

max_indx;  /*  max.  number  of  objects  */ 

plural  float  vel,  /*  velocity  */ 

disp,  /*  displacement  */ 

vel_temp,-  /*  temnorary  velocuty  variable  */ 
plural  float  U_I,  /*  inertial  frame  velocities  */ 

V_I, 

W_I; 

U_I  =  V_I  =  W_I  =  0.0; 
disp  =  vel  =  0.0; 

*X  =  *Y  =  *Z  =  0.0; 

max_indx  =  max ( n_ob j [ 0 ] , n_ob j [ 1  ] )  ; 
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for ( r=0 ; r<num_ob j ;  r++ ) { 

ifdxproc  ==  r*3)  disp  =  disp  +  X0[r]; 

if{ixproc  ==  r*3+l)  disp  =  disp  +  yO[r]; 

if(ixproc  ==  r*3+2)  disp  =  disp  +  Z0[r]; 

} 

/*  Converting  u,v,w  to  U,V,W  (body  frame  to  inertial  frame  velocities)  */ 
if (len_mask) { 

U_I  =  T[0][0]*u  +  T[0][l]*v  +  T[0][2]*w; 

V_I  =  T[l][0]*u  +  T[l][l]*v  +  T[l][2]*w; 

W_I  =  T[2][0]*u  +  T[2][l]*v  +  T[2][2]*w; 

} 

/*  Forming  the  velocity  matrix  for  the  MPP*/ 
f or ( r=0 ; r<num_ob j ;  r++ ) { 

if(ixproc  ==  3*r)  vel  =  xnetW[2*r] .U_I; 
if(ixproc  ==  3*r+l)  vel  =  xnetW[2*r+l] .V_I; 
if(ixproc  ==  3*r+2)  vel  =  xnetW[2*r+2] .W_I; 


/*  translate  disp  by  velocity  */ 
for(i=0;i<max_indx+l;i++) { 
vel_temp  =  0.0; 
if(iyproc  ==  i) { 
vel_temp  =  vel; 

xnetcS [63-i] .vel_temp  =  vel_temp; 

} 

ifdyproc  >=  i)  { 

disp  =  disp  +  vel_temp; 

} 


/*  Recovering  X,Y,Z  from  disp  matrix  */ 
for (r=0 ; r<  num_obj ;  r++ ) { 
if(ixproc  ==  r) { 

if{iyproc  <  n_obj[r]+l)  { 

*X  =  xnetE[2*r] .disp; 

*Y  =  xnetE [2*r+l] .disp; 

*Z  =  xnetE [2*r+2] .disp; 

} 

else  { 

*X  =  0.0; 

*Y  =  0.0; 

*Z  =  0.0; 

} 

} 

} 

} 

/*************************************************************************** 
function:  back_conv 

This  is  the  reverse  of  the  main  conversion  function.  It  converts  the 
inertial  frame  position  histories  for  all  tracks  to  body  frame  velocity 
histories . 

***************************************************************************/ 
void  back_conv (plural  int  len_mask, 
plural  float  X, 
plural  float  Y, 
plural  float  Z, 
float  XO [OBJNUM_MAX] , 


78 


float  YO [OBJNUM_MAX] , 
float  ZO [OBJNUM_MAX] , 
plural  float  T_conv[3] [3] , 
plural  float  *u, 
plural  float  *v, 
plural  float  *w) 

{ 

int  r; 

float  pi; 

plural  float  U, 

V, 

W; 

pi  =  4.0*atan(1.0) ; 

U=V=W=0.0; 

if(iyproc  ==  0) { 

for(r  =  0;  r  <  num_ob j ;  r++) { 
if(ixproc  ==  r) { 

U  =  X  -  X0[r];  V  =  Y  -  YO [r] ;  W  =  Z  -  Z0[r]; 

} 

} 

} 

else  if{len_mask  &&  iyproc  >  0) { 

U  =  X  -  xnetN[l] .X; 

V  =  Y  -  xnetN[l] .Y; 

W  =  Z  -  xnetN [ 1 ] . Z ; 

} 


if  (len_inask)  { 

*u  =  T_conv[0] [0] *U  +  T_conv[l] [0] *V  +  T_conv[2] [0] *W; 

*v  =  T_conv[0] [1] *U  +  T_conv[l] [1] *V  +  T_conv[2] [1] *W; 

*w  =  T_conv[0] [2] *U  +  T_conv[l] [2] *V  +  T_conv[2] [2] *W; 

} 

else  { 

*u  =  *v  =  *w  =  0.0; 

} 

} 

/*************************************************************************** 
function:  shor t_c  onv 

Converts  the  inertial  frame  position  history  for  all  tracks  from 
rectangular  coordinates  to  azimuth  and  elevation. 
***************************************************************************/ 

void 

short_conv ( int  n_obj [OBJNUM_MAX] , /*  length  of  each  track  (0-63)  */ 

plural  float  X,  /*  inertial  frame  position  histories  */ 

plural  float  Y,  /*  for  each  track  in  rectangular  */ 

plural  float  Z,  /*  coordinates  */ 

plural  float  alpha [OB JNUM_MAX/2] ,  /*  elevation  angles  */ 
plural  float  beta [OBJNUM_MAX/2] ,  /*  azimuth  angles  */ 

plural  int  len_mask) 

{ 

int  r; 
float  pi; 

plural  float  temp_alpha, temp_beta; 
plural  int  address_loc; 


pi  =  4 . 0*atan (1 . 0) ; 

*alpha  =  *beta  =  0.0; 

/*  Find  the  polar  coordinates  of  location  sequence  */ 
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/*  Add  pi/2  as  atari  finds  angles  from  -90  to  90  */ 

if (len_mask) { 
if (Y  <  0)  { 
if (X  <  0)  { 

temp_beta  =  pi  +  {fp_atan (Y/X) )  ; 

} 

else{ 

temp_beta  =  2*pi  +  ( fp_atan (Y/X) ) ; 

} 

} 

else{ 

if (X  <  0) { 

temp_beta  =  pi  +  {fp_atan (Y/X) ) ; 

} 

else{ 

temp_beta  =  (fp_atan (Y/X) ) ; 

} 

} 

temp_alpha  =  (fp_atan(Z/fp_sqrt (X*X  +  Y*Y) ) ) ; 

} 

if (ixproc  <  64) { 

address_loc  =  nxproc  *  ixproc; 

} 

else{ 

address_loc  =  ixproc  *nxproc  +  1; 

} 

/***  Transpose  column  vectors  into  row  vectors  with  router  command  - 
The  resulting  plural  variable  alpha,  beta  contain  angles  for  the 
trade  along  the  row  with  their  copies  along  the  columns  ***/ 

for (r=0 ; r<  (num_ob j /2 )  +  (num_ob j - (num_obj /2 ) *2 ) ; r++ )  { 
if(iyproc  ==  0  && 

(ixproc  <  n_obj[r]+l  II  ((ixproc  >  63)&& 

(ixproc  <  65+n_obj [r+1] ) ) ) ) { 

alpha[r]  =  router[address_loc+r*2].temp_alpha; 

xneteS [63] .alpha [r]  =  alpha[r]; 

beta[r]  =  router[address_loc+r*2].temp_beta; 

xnetcS[63] .beta[r]  =  beta[r]; 

} 

} 

}  /*  end  function:  short_conv  */ 


/*************************** ***************************^^^^^^^^^^^^^^^^^^^^^ 
function:  form_sin  cos 


/*  (comments  by  Steve  Jacobs)  */ 
/*  This  routine  takes  a  history  of  orientations  and  generates  a  */ 
/*  rotation  matrix  for  each.  The  plural  floats  theta,  phi  and  psi  */ 
/*  contain  the  pitch,  roll  and  yaw  angles,  respectively,  of  the  */ 
/*  64  most  recent  orientations  for  each  track  (i.e.  each  detected  */ 
/*  target).  The  orientation  history  for  each  track  is  stored  in  a  */ 
/*  separate  column  of  these  plural  floats.  The  plural  int  */ 
/*  len_mask  is  used  to  select  the  active  set  of  processors  as  the  */ 
/*  columns  in  which  orientations  for  each  track  reside.  The  */ 
/*  entries  of  the  rotation  matrices  are  stored  in  the  3x3  array  of  */ 
/*  plural  floats  T.  For  a  single  orientation,  the  equation  for  T  */ 
/*  is  given  by  the  following  matrix  product:  */ 


/ 
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T  =  Rx(phi)  *  Ry (theta)  *  Rz(psi) 


/* 

Rx(phi)  = 

1  1  0 

0  1 

*/ 

/* 

1  0  cos (phi) 

sin (phi)  1 

*/ 

/* 

1  0  -sin(phi) 

cos (phi)  1 

*/ 

/* 

*/ 

/* 

Ry (theta)  = 

1  cos (theta)  0 

-sin (theta)  i 

*/ 

/* 

i  0  1 

0  1 

*/ 

/* 

1  sin (theta)  0 

cos (theta)  1 

*/ 

/* 

it 

*/ 

/* 

Rz(psi)  = 

1  cos (psi)  sin(psi)  0  1 

*/ 

/* 

1  -sin (psi)  cos (psi)  0  1 

*/ 

/* 

1  0 

1  0  1 

*/ 

void  fonn_sin_cos (plural  int  len_mask, 
plural  float  theta, 
plural  float  phi, 
plural  float  psi, 
plural  float  T[3][3]) 

{ 


/*  mask  for  active  set 
/*  pitch  angle  history 
/*  roll  angle  history 
/*  yaw  angle  history 
/*  rotation  matrices 


/*  The  following  variables  provide  temporary  storage  for  the 

/*  sines  and  cosines  of  the  orientation  angles. 

plural  float  cos_thetal , cos_phil, cos_psil; 
plural  float  sin_thetal, sin_phil, sin_psil; 

/*  Compute  sines  and  cosines  of  orientation  angles 

cos_thetal  =  fp_cos (theta) ; 
cos_phil  =  fp_cos (phi) ; 
cos_psil  =  fp_cos(psi); 
sin_thetal  =  fp_s in (theta) ; 
sin_phil  =  fp_sin(phi) ; 
sin_psil  =  fp_sin(psi) ; 

/*  For  the  active  coliamns,  compute  the  entries  of  the 

/*  rotation  matrices.  Otherwise  fill  the  rotation  matrices 

/*  with  zeros. 


if (len_mask) 

{ 

T[0] [0]  =  cos_thetal*cos_psil; 

T[0] [1]  =  sin__phil*sin_thetal*cos_psil  -  cos_phil*sin_psil; 
T[0]  [2]  =  cos_phil*sin_thetal*cos_psil  +  sin_phil*sin_psil; 
T[l] [0]  =  cos_thetal*sin_psil; 

T[l] [1]  =  sin_phil*sin_thetal*sin_psil  +  cos_phil*cos_psil; 
T[l] [2]  =  cos_phil*sin_thetal*sin_psil  -  sin_phil*cos_psil; 
T[2]  [0]  =  -sin_thetal; 

T[2] [1]  =  sin_phil*cos_thetal; 

T[2]  [2]  =  cos_jphil*cos_thetal; 

> 

else 

{ 

T[0]  [0]  = 

T[0] [1]  = 

T[0] [2]  = 

T[l]  [0]  = 
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T[l] [1]  = 

T[l]  [2]  = 

T[2]  [0]  = 

T[2] [1]  = 

T[2] [2]  =  0-0; 

} 
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covariance. m 

*********************************************************************** 

These  coiranents  last  edited  6/22/95  by  Jason  August  (jtal@cec.wustl.edu) 

The  covariance  function  is  found  in  this  way: 

1)  The  state  transition  matrix  Phi  is  defined  as  the  solution  of  the 
matrix  differential  equation:  dM(s) /ds=-A (theta [s] ,  theta [s] )M(s) 
where  M(tau)  is  an  identity  matrix. 

2)  The  covariance  of  the  body  frame  velocity  process  Kv(sl,s2)  then 
becomes  sigma*integral  from  t(0)  to  min(sl,s2)  of: 


**  End  Introductory  Comments  */ 

/*****************************************************************^********* 
Header  Files  to  be  included. . . 

***************************************************************************/ 
#include  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

♦include  <mpl.h>  /*  MasPar  programming  language  header  */ 

♦include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

♦include  <su/values .h>  /*  DEC  header  file  of  common  values  */ 

♦include  <su/stdlib.h>  /*  DEC  std.  library. h  ( /usr/maspar/ include/ su)  */ 

♦include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

♦include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

/*************************************************************************** 
*  function:  font\_conv 

this  function  forms  the  covariance  of  the  position  vector  forming 
the  track.  It  is  parametrized  by  the  angular  velocities  p_rate, 
q_rate  and  r_rate.  The  matrix  is  incrementally  calculated  by  adding 
a  row  and  a  column  corresponding  to  next  time  instant  as  the  64-window 
advances  along  the  track.  The  algorithm  is  structured  as  follows: 


cov  is  a  192x192  block  covariance  matrix  with  64x64  block  size  of 
3x3  matrices . 

***************************************************************************/ 

void 

form_cov(int  n,  /*  time  index  along  the  track(0..63)  */ 
plural  float  cov[OBJNUM_MAX]  [3]  [2]  , 

int  obj_ind,  /*  object  index,  track  whose  coavraince  in 

being  calculated  */ 
float  p_rate [OBJNUM_MAX] , 
float  q_rate[OBJNUM_MAX] , 
float  r_rate [OBJNUM_MAX] ) { 
int  i,  k,  1, 
row,  element; 

plural  float  C_temp[l] [2] ,  A, 

temp[l] [2] ,temp_t[3] [1] , 
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terml , term2 , 

A_temp,  row_temp  =  0.0; 
plural  int  address, address_loc; 
float  term; 

/***  address  for  transposing  temp  via  router  ***/ 
address  =  0; 
if (ixproc  <  3) { 

address  =  ixproc  *  nxproc  +  iyproc; 

} 

row  =  3* (n-1) /64; 
element  =  3*(n-l)%64; 

for {i=0 ; i<3 ; i++) { 
temp [0] [i]  =  0.0; 

C_temp[0][i]  =  0.0; 


/***  Identity  for  n=0  &  n  =  1  ***/ 
if (n  ==  0)  { 

proc [0] [0] .cov[obj_ind] [0] [0]  =  force_var_x*1.0; 
proc [1] [1] .cov[obj_ind] [0] [0]  =  force_var_y*1.0; 
proc [2] [2] .cov[obj_ind] [0] [0]  =  force_var_z*l . 0 ; 

} 

else  if (n  ==  1) { 

proc [3] [3] .cov[obj_ind] [0] [0]  =  force_var_x*1.0; 
proc [4] [4] .cov[obj_ind] [0] [0]  =  force_varjf*1.0; 
proc [5] [5] .cov[obj_ind] [0] [0]  =  force_var_2*l . 0; 

} 

else{ 

/***  Form  A  matrix  for  this  n  ***/ 

/***  A  is  the  skew- symmetric  matrix  of  angular  velocities  ***/ 
/***  lambda  corresponds  to  the  drag  coefficient  ****/ 

A  =  0.0; 

1  =  obj_ind; 

proc[0][l].A  =  -r_rate [1] ;proc [0] [2] .A  =  q_rate[l]; 
proc[l][0].A  =  r_rate[l];  proc [1] [2]. A  =  -p_rate[l]; 
proc[2][0].A  =  -q_rate [1] ;proc [2] [1] .A  =  p_rate[l]; 
if (ixproc  ==  iyproc  &&  iyproc  <3) { 

A  =  1.0  -  lambda; 

} 

A_temp  =  A; 

address_loc  =  ixproc  *  nxproc  +  iyproc; 
if (ixproc  <  3  &&  iyproc  <  3) { 

A  =  router [address_loc] .A; 

} 

/**  Special  case  when  n  ==  22  or  43  because  the  covariance  blocks 
span  across  the  plural  variables  **/ 

/***  Form  the  temp  matrix  to  multiply  with  A  ***/ 
if (n  ==22  I  I  n  ==43) { 
if (n  ==  22) { 

for(i=0;i<2;i++)  { 
if (iyproc  ==  0)  { 

C_temp[0] [i]  =  xnetS [63] .cov[obj_ind] [0] [i] ; 

} 

if (iyproc  ==  1) { 

C_temp[0] [i]  =  xnetN[l] .cov[obj_ind] [1]  [i]  ; 

} 
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if (iyproc  ==  2) { 

C_temp[0] [i]  =  xnetN[l] .cov[obj_ind] [1] [i] ; 

} 

} 

} 

if (n  ==  43 ) { 

for ( i=0 ; i<2 ; i++)  { 
if (iyproc  ==  0) { 

C_temp[0] [i]  =  xnetS[62] .cov[obj_ind] [1] [i] ; 

} 

if (iyproc  ==  1) { 

C_temp[0] [i]  =  xnetS[62] .cov[obj_ind] [1] [i] ; 

} 

if ( iyproc  ==  2) { 

C_temp[0] [i]  =  xnetN[2] .cov[obj_ind] [2] [i] ; 

} 

} 

}  /*  end  if(n=43...)  */ 
else{ 

/***  Grab  the  last  3  columns  from  the  existing  covariance  matrix  ***/ 
C_temp[0] [0]  =  fp_matblkget (&cov[obj_ind] [row] [0] , 128, 128, element , 0) ; 
C_temp[0]  [1]  =  fp_matblkget  (&;COv[obj_ind]  [row]  [1]  ,  128 , 128 , element ,  0 )  ; 

} 

/***  Multiply  those  3  columns  with  the  3x3  A  matrix  ***/ 
fp_matmul  (&temp [ 0 ]  [0 ]  , &A,  S:C_temp [0]  [0]  ,3,3,256)  ; 

/**  Transpose  the  resulting  colxunns  to  get  3  row  vectors  **/ 

for ( i=0 ; i<3 ; i++ ) { 

temp_t[i][0]  =  0.0; 

} 

if (ixproc  <  3) { 

temp_t[0][0]  =  router [address] -temp [0] [0] ; 

temp_t[l] [0]  =  router [address+64] .temp[0] [0] ; 
temp_t[2][0]  =  router [address] -temp [0] [1] ; 

} 

/**  Subsitiue  back  the  new  row  and  column  in  the  covariance 
matrix  corresponding  to  the  next  time  instant  ***/ 
for ( i=0 ; i<2 ; i++ ) { 

if (iyproc  ==  ((3*n)%64)){ 

cov[obj_ind] [ (3*n) /64] [i]  =  xnetN[ (3*n) %64] . temp [0] [i] ; 

} 

if (iyproc  ==  (  (3*n+l) %64 ) ) ( 

cov[obj_ind] [ (3*n+l) /64] [i]  =  xnetN[ (3*n) %64] .temp[0] [i] ; 

} 

if (iyproc  ==  ( (3*n+2 ) %64 ) ) { 

cov[obj_ind] [ (3*n+2) /64] [i]  =  xnetN[ (3*n) %64] .temp[0] [i^ 

} 

} 

if (n  1=  42) { 

fp_matcopy(192,3,&temp_t[0] [0] , 128, 0, 0,&cov[obj_ind] [0] [0] ,256,0,3*n) 

} 

else{ 

for (i=0 ; i<3 ; i++) { 

if (ixproc  ==  126) { 

cov[obj_ind] [i] [0]  =  xnetW[126] .temp_t[i] [0] ; 
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} 

if(ixproc  ==  127) { 

cov[obj_ind]  [i]  [0]  =  xnetW[126] .temp_t[i] [0] ; 

} 

if (ixproc  ==  0 ) { 

cov[obj_ind]  [i]  [1]  =  xnetE[2]  .teinp_t[i]  [0]  ; 

} 

} 

} 

/**  Derive  the  3x3  covariance  matrix  of  the  last  track  segment  **/ 
/***  obtain  the  bottom  3x3  matrix  at  n-1  column  ***/ 
terml  =  term2  =  0.0; 
if (element  ==62  II  element  ==  63) { 
if (element  ==  63) { 

terml  =  fp_matblkget  (&:temp_t  [row]  [0] ,  64 , 128,  element ,  0 )  ; 
if (iyproc  ==  1) { 

terml  =  xnetN[l] . temp_t [1] [0] ; 

} 

if (iyproc  ==  2) { 

terml  =  xnetN[l] .temp_t[l] [0] ; 

} 

} 

if (element  ==  62) { 

terml  =  fp_matblkget (&temp_t [row] [0] , 64 , 128 , element , 0) ; 
if (iyproc  ==  2) { 

terml  =  xnetN[2] . temp_t [2] [0] ; 

} 

} 

} 

else{ 

terml  =  fp_matblkget (&temp_t [row] [0] , 64 , 128, element ,  0) ; 

} 

fp_matmul  ( &term2 ,  &;A_temp ,  &terml  ,3,3,3); 
proc [0] [0] .tenn2  =  proc [0] [0] .term2  +  force_var_x*1.0; 
proc [1] [1] . term2  =  proc [1] [1] .term2  +  force_var_y*1.0; 
proc [2] [2] .term2  =  proc [2] [2] .term2  +  force_var_z*l . 0 ; 

/**  Substitute  the  3x3  covariance  matrix  for  the  last  segment  in 
the  covariance  matrix  **/ 

fp_matcopy  ( 3 , 3 ,  &:term2 ,64,0, 0 ,  &:Cov[obj_ind]  [0]  [0]  ,  256, 3*n,  3*n)  ; 

} 

}  /*  end  function:  form_conv  */ 

/*************************************************************************** 
function:  shift_conv_in 

shifts  the  covariance  martix  towards  the  upper  left  corner  as  new 
data  replaces  older  data. 

***************************************************************************^ 

void 

shift_cov_in(int  obj_ind,  plural  float  A[OBJNUM_MAX] [3] [2] ) 

{ 

int  i,j; 

/***  shift  left  ***/ 
for(i=0;i<  3;  i++) { 
for( j=0; j<2; j++) { 

A[obj_ind] [i] [j]  =  xnetE[3] .A[obj_ind] [i] [j]; 
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}  /* 


if(ixproc  >  124) { 
if ( j  ==  0) { 

A[obj_ind] [i]  [j]  =  xnetW[125] .A[obj_ind] [i] [ j  +  1]  ; 

} 

else{ 

A[obj_ind] [i] [1]  =  0.0;} 

} 

} 

} 

/***  shift  up  ***/ 
for( j=0; j<2; j++) { 
for (i=0;i<3;i++) { 

A[obj_ind] [i] [j]  =  xnetS [3] .A[obj_ind] [i] [ j] ; 
if (iyproc  >  60) { 
if(i<  2) 

A[obj_ind] [i] [j]  =  xnetN[61] .A[obj_ind] [i+1] [j] ; 
else 

A[obj_ind] [2] [ j ]  =  0.0; 

} 

} 

} 

end  function:  shift_conv_in  */ 


/*************************************************************************** 
function:  angle_diff 

finds  the  difference  between  two  angles  (xl  and  x2) 
***************************************************************************/ 


void 

angle_diff (float  xl, float  x2, float  *y) 

{ 

register  float  t,a,b,pi; 
register  float  xl_abs , x2_abs ; 
float  term; 


pi  =  4.0*atan(1.0) ; 

if (xl  <  0) { 

xl_abs  =  xl  +  2*pi; 

} 

else{ 

xl_abs  =  xl; 

} 

if (x2  <  0)  { 

x2_abs  =  x2  +  2*pi; 

} 

else{ 

x2_abs  =  x2; 

} 


if(xl_abs  >  x2_abs) { 
t  =  xl_abs; 

} 

else{ 

t  =  x2_abs; 

} 

a  =  fabs (2*pi+xl_abs+x2_abs-2*t) ; 
b  =  fabs (xl_abs-x2_abs) ; 
if (a  <  b) { 
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=  2*pi+xl_abs+x2_abs-2*t; 


*y 

} 

else{ 

*y  =  xl_abs -x2_abs ; 

} 

}  /*  end  function:  angle_diff  */ 


y*************************************************************************** 

data.m 

**************************************************************************** 
These  comments  last  edited  6/26/95  by  Jason  August  (jtal@cec.wustl.edu) 

This  program  takes  the  inertial  frame  rectangular  locations  of  each 
of  the  targets  present  in  the  scene  at  that  time  and  computes  the 
complex  data  vector  generated  by  the  cross  array.  This  involves 
calculating  the  direction  vector  of  each  target  and  adding  them  up  and 
finally  adding  the  noise  to  the  result. 

**  End  Introductory  Comments  */ 

y*************************************************************************** 

Header  Files  to  be  included. . . 

***************************************************************************  y 

#include  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

#include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

y*************************************************************************** 

Global  Variable  Declarations 

*************************************************************************** y 

extern  plural  float  index_u, 

index_d; 

extern  float  track[OBJNUM_MAX] [tracksize] [3]  ; 
extern  int  num_obj ; 

/*************************************************************************** 
function:  data 

...takes  intertial  frame  rectangular  locations  of  targets  and  computes 
the  complex  data  vector  generated  by  the  cross  array.  In  other  words, 
it  takes  data  gathered  from  the  objects  and  transforms  it  so  that  the 
locations  can  be  displayed  on  the  SGI. 

*************************************************************************** y 

void 

data (int  len_obj [OBJNUM_MAX] , 
int  max_indx, 
plural  float  *d_r, 
plural  float  *d_i) 

{ 

int  r,  /*  index  variable  */ 

max_len;  /*  length  of  longest  track  */ 

plural  float  rand_r,  rand_i;  /*  random  number  matricies  */ 

register  plural  float  alpha,  beta,  /*  holds  azimuth-elevation  info  */ 

temp,  dr,  di; 

float  pi, 

alpha_temp,beta_temp,  /*  temporary  variables  used  to  */ 

X_temp, Y_temp, Z_temp;  /*  speed  up  calculations  */ 

printf  ( "DATA:  Starting . \n" )  ; 

pi  =  4.0*atan(1.0) ; 
di  =  dr  =  0.0; 

printf ( "DATA:  finding  longest  track\n"); 

/*  Find  longest  track  */ 
max_len  =  -1; 
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for  ( r=0 ;  r<nuin_ob j  ;  r++ )  { 

max_len  =  max{max_len, len_obj [r] ) ; 

} 

for(r=0;  r  <  OBJNUM_TRU;  r++) { 

printf ( "DATA:  start  estimatingXn" ) ; 

/***  Start  estimating  for  track [1] []  ***/ 

X_temp  =  track[r] [max_len+l] [0] ; 
y_temp  =  track [r] [max_len+l] [1] ; 

Z_temp  =  track [r] [max_len+l] [2]; 

printf ( “DATA:  find  AZ;  EL\n"); 

printf ( "X_temp  =  %f,  Y_temp  =  %f  \n" ,X_temp, Y_temp) ; 
/***  Find  azimuth-elevation  coordinates  ***/ 
beta_temp  =  (atan (Y_temp/X_temp) ) ; 

printf ("DATA:  find  AZ,  EL  l\n"); 
alpha_temp  =  (atan {Z_temp/sqrt {X_temp*X_temp  +  Y_temp*Y_temp) ) ) 
printf ("DATA:  find  AZ,  EL2\n"); 
if (Y_temp  <  0) { 
if(X_temp  <  0) { 

beta  =  beta_temp  +  pi; 

printf ( "DATA:  find  AZ,  EL  3\n"); 

} 

else{ 

beta  =  beta_temp  +  2*pi; 

printf ("DATA;  find  AZ,  EL  4\n"); 

} 

} 

else{ 

if(X_temp  <  0){ 

beta  =  beta_temp  +  pi; 

printf ("DATA;  find  AZ,  EL  5\n"); 

} 

else{ 

beta  =  beta_temp; 

printf ( "DATA:  find  AZ,  EL  6\n"); 

} 

} 

printf ("DATA:  find  AZ,  EL7\n"); 
alpha  =  alpha_temp; 

printf ( "DATA:  form  direction  vectors  \n"); 

/***  Form  direction  vectors  for  each  target  ***/ 

if(ixproc  ==  max_indx  I  I  ixproc  ==  max_indx+64) { 
temp  =  pi*(index_d*  fp_cos (alpha) *fp_sin (beta) 

+  index_u  *  fp_cos (alpha) *fp_cos (beta) )  ; 
dr  =  dr  +  fp_cos (temp) ; 
di  =  di  -  fp_sin(temp) ; 

} 

else{ 

dr  =  di  =  0.0; 

} 


printf ( "DATA:  generate  noise  \n" )  ; 
/***  Generate  noise  ***/ 

GaussRand(&rand_r) ; 

GaussRand(&rand_i) ; 
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printf { "DATA:  final  result,  including  noise  \n"); 

/*  Final  result,  including  noise...  */ 
if(ixproc  ==  max_indx  II  ixproc  ==  max_indx+64) { 

*d_r  =  (S_R*dr  -  S_I*di)  +  0*N_R*rand_r; 

*d_i  =  (S_R*di  +  S_I*dr)  +  0*N_I*rand_i; 

} 

}  /*  end  function:  data  */ 


function:  range_data 

Generates  the  range  data  for  each  target.  Computes  true  range 


********* 


void 

range_dat  a { int  index [ OB JNUM_MAX ] , 

int  len_obj [OBJNUM_MAX] , 

int  max_indx, 

plural  float  *range_dat) 

{ 

int  r,  max_len; 

float  X_temp,y_temp, Z_temp; 


/*  Find  the  longest  track  */ 
max_len  =  -1; 
f or ( r= 0 ; r<num_ob j ; r + + ) { 

max_len  =  max (max_len, len_obj [r] )  ; 

} 


f or ( r= 0 ; r<num_ob j ; r + + )  { 

X_temp  =  track [ index [r] ] [max_len+l] [0] ; 
y_temp  =  track [ index [r] ] [max_l€n+l] [1]  ; 
Z_temp  =  track [ index [r] ] [max_len+l] [2]  ; 


/***  Forming  the  range  data  ***/ 
if(iyproc  ==  max_indx  &&  ixproc  ==  r) { 


*range_dat  =  sqrt (X_temp*X_temp  +  Y_temp*Y_temp  +  Z_temp  Z_temp) ; 


} 


}  /*  end  function:  range_data  */ 
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Diff.m  performs  the  gradient  cycles  on  the  log  posterior  energy  (log 
likelihood  +  log  prior)  with  respect  to  the  parameters  X,  Y,  Z  at  each 
time  (on  the  64  length  window)  for  each  track  being  estimated. 

Since  the  data  log  likelihood  L  is  a  function  of 

the  azimuth  elevation  angles,  the  gradient  of  log  likelihood  involves  a 
chain  rule  (derivative  wrt  XYZ  =  [derivative  likelihood  wrt  alpha,  beta] 
*  [derivative  of  alpha, beta  wrt  XYZ]  +  [derivative  likelihood  wrt 
range]  *  [derivative  of  range  wrt  XYZ] ) .  (wrt  =  with  respect  to) 

Finally,  the  parameter  vector  gets  updated: 

X(k+1)  =  X(k)  +  gradient  posterior  energy  *  dt  +  sqrt {dt} *wiener  process 
Instead  for  faster  implemetation  we  use 

X(k+1)  =  X(k)  +  sqrt -prior-covariance  *  gradient-likelihood  *dt 
+  sqrt {dt } *wiener  process 
**  End  Introductory  Comments  */ 


/*************************ir***********-k-k**ic**-k****************-l,*i,ifk1,*:******* 
Header  Files  to  be  included. . . 


************************************************************^^^^^^^^^^^^^^^^ 
tinclude  <stdio.h>  /*  standard  i/o  header  */ 


# include  <math.h>  /*  math  header  */ 


#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <head.h>  /*  the  big  header  file  that  most  everything  is  in  */ 

#include  <head2.h>  /*  the  big  header  file  that  everything  else  is  in  */ 

tinclude  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 


/**********************************************************^*^^^^^^^^^^^^^^^ 
Global  Variable  Declarations 

**************************************************************^^^^^^^^^^^^^^ 
extern  plural  float  index_u, 

index_d; 

extern  int  outsock,  /*  pointer  to  outgoing  socket  information  */ 

num_obj;  /*  the  estimated  niimber  of  objects  in  the  scene  */ 
extern  float  track [OBJNUM_MAX] [tracksize] [3 ] , 
pitch [OBJNUM_MAX]  [tracksize]  , 
yaw[OBJNUM_MAX] [tracksize] , 
roll  [OBJ]srUM_MAX]  [tracksize]; 


/********************************************************^^j^^^^^^^^^^^^^^^^^ 

diff  function 

**********************************************************  ^^^^^^^^^^^^^^^^^^ 
void 

diff (int  iter,  /*  */ 

int  sel,  /*  selects  the  object  that's  being  considered  */ 

int  n_obj [OBJNUM_MAX] ,  /*  the  track  length,  0..63  (most  recent  64)  */ 

int  len_obj [OBJNUM_MAX] ,  /*  the  true  (full)  track  length  */ 
plural  float  dat_r,  plural  float  dat_i, 
plural  float  range_dat. 


plural  float  *X,  plural  float  *Y,  plural  float  *Z, 

float  XO [OBJNUM_MAX] ,  float  YO [OBJNUM_MAX] ,  float  ZO [OBJNUM_MAX] , 

plural  float  cov_out [OBJNUM_MAX] [3] [2] , 
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plural  float  C_x[OBJNUM_MAX] [3] [2] , 
plural  int  len_mask) 

/*  variable  delarations  */ 
float  pi; 

register  int  d, 1, r,max_indx; 
plural  int  address_loc; 
plural  float  dt_X,  dt_Y,  dt_Z, 

X_t  emp ,  Y_t emp ,  Z_t emp , 
der_alpha_r , der_alpha_i , 
der_beta_r ,  der_beta_i , 
dr , di , s_d_r , s_d_i , 
range 1 , rangeZ , range , 

cos_alpha[0BJNUM_MAX/2] , cos_beta [0BJNUM_MAX/2] , 
sin_alpha[OBJNUM_MAX/2] , sin_beta [0BJNUM_MAX/2] , 
s_db_r , s_db_i , s_da_r , s_da_i , 
der_r_X, der_r_Y, der_r_Z, der_liker_r, 
der_liker_X, der_liker_Y, der_liker_Z , 
dX[3] , 

alpha [0BJNUM_MAX/2 ] ,  /*  azimuth  angles  from  track  */ 
beta [0BJNUM_MAX/2 ] ;  /*  elevation  angles  from  track  */ 

register  plural  float  der_like_alpha,  der_like_beta, 

der_alpha_X,  der_alpha_Y,  der_alpha_Z, 
der_beta_X,  der_beta_Y,  der_beta_Z, 
der_like_X,  der_like_Y,  der_like_Z, 
terml,  teirm2, 
temp_alpha,  temp_beta, 
sin_cosa_cosb, sin_cosa_sinb, 
cos_cosa_cosb, cos_cosa_sinb, 
p_i_cosa_sinb,p_il_cosa_cosb, 
p_i_sina_cosb,p_il_sina_sinb, 
p_i_cosa_cosb,p_il_cosa_sinb; 

/*  variable  initialization  */ 
pi  =  4 . 0*atan (1 . 0 ) ; 

X_temp  =  *X;  Y_temp  =  *Y;  Z_temp  =  *Z; 
rangel  =  0.0; 

der_liker_X  =  der_liker_Y  =  der_liker_Z  =0.0; 
der_like_X  =  der_like_Y  =  der_like_Z  =  0.0; 
temp_alpha  =  temp_beta  =  0.0; 
max_indx  =  0 ; 

/*  find  maximum  full  track  length  */ 
f or {r=0 ; r<num_obj ; r++ ) { 

max_indx  =  max (max_indx, len_obj [r] )  ; 

} 

/*  initialization  of  step  sizes  for  diffusion  */ 

/*  if  the  full  track  length  fits  in  a  window  compute  step  sizes 
from  position  history  */ 
if (max_indx  <  63) { 
if (len_mask) { 

dt_X  =  0 . 2* (1 . 2/ ( (max_indx+l) * (max_indx+l) ) ) * (p_fabs (X_temp/1000 . 0 )  ) 
dt_Y  =  0 . 2* (1 . 2/ ( (max_indx+l) * {max_indx+l) ) ) * (p_fabs (Y_temp/1000 . 0) ) 
dt_Z  =  0 .2* (1 . 2/ ( (max_indx+l) * (max_indx+l) ) ) * (p_fabs (Z_temp/1000 . 0)  ) 
} 

else{ 

dt_X  =  dt_Y  =  dt_Z  =  0.0; 
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} 


/*  if  the  full  track  length  is  to  big  to  fit  in  the  64  length  window 
then  the  step  size  is  constant  (0.00012)  where  len_mask  is  true 
and  0  where  len_mask  is  false  */ 
else{ 

if (len_mask) { 
dt_X  = 
dt_Y  = 

dt_Z  =  0.00012;  /*  1.2  *  0.0001  */ 

} 

else{ 

dt_X  =  dt_Y  =  dt_Z  =  0.0; 

} 

} 

for (1=0 ; l<iter; 1++) { 

dr  =  di  =  s_d_r  =  s_d_i  =  0.0; 

short_conv(n_obj  ,X_temp,Y_teinp,  Z_teinp, alpha,  beta,  len_mask) ; 

/*  compute  projection  of  data  vector  into  directions  given  by 
alpha,  beta  values  from  track.  */ 

for(r=0;r<num_obj/2  +  {num_obj- (niam_obj/2)  *2)  ;r++)  { 

if(ixproc  <  n_obj[2*r]+l  II  (ixproc  >  63  &&  ixproc  <  n_obj [2*r+l] +65) ) { 
cos_alpha [r]  =  fp_cos (alpha [r] ) ; 
cos_beta[r]  =  fp_cos (beta [r] ) ; 
sin_alpha[r]  =  fp_sin (alpha [r] ) ; 
sin_beta[r]  =  fp_sin(beta [r] ) ; 

/*  Calculate  terms  once  */ 

p_i_cosa_cosb  =  pi*index_u*cos_alpha [r] *cos_beta [r] ; 
p_i_cosa_sinb  =  pi*index_u*cos_alpha [r] *sin_beta [r] ; 
p_i_sina_cosb  =  pi*index_u*sin_alpha [r] *cos_beta [r] ; 
p_il_sina_sinb  =  pi*index_d*sin_alpha [r] *sin_beta [r] ; 
p_il_cosa_sinb  =  pi*index_d*cos_alpha [r] *sin_beta [r] ; 
p_il_cosa_cosb  =  pi*index_d*cos_alpha [r] *cos_beta [r] ; 

sin_cosa_cosb  =  fp_sin  (p_i_cosa_cosb)  ; 
sin_cosa_sinb  =  fp_sin (p_il_cosa_sinb) ; 
cos_cosa_sinb  =  fp_cos  (p_il_cosa_sinb)  ; 
cos_cosa_cosb  =  fp_cos  (p_i_cosa_cosb)  ; 

dr  =  fp_cos (p_il_cosa_sinb  +  p_i_cosa_cosb) ; 
di  =  -fp_sin(p_il_cosa_sinb  +  p_i_cosa_cosb) ; 

} 

else{ 

dr  =  di  =  0.0; 

} 

s_d_r  +=  (S_R*dr-S_I*di) ; 
s_d_i  +=  (S_R*di+S_I*dr) ; 

} 

if (ixproc  <  64) { 

s_d_r  +=  xnetE[64] .s_d_r; 
s_d_i  +=  xnetE[64] .s_d_i; 


} 
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if (ixproc  >  63 ) { 

s_d_r  =  xnetW[64] . s_d_r; 
s_d_i  =  xnetW[64] .s_d_i; 

} 

/*  form  the  log-likelihood  derivative  with  respect  to  alpha  and  beta; 
take  the  derivative  of  the  direction  vector  wrt  alpha  and  beta, 
der  =  derivative  */ 

for (r=0 ; r<num_obj /2  +  (num_obj - (num_obj /2 ) *2 ) ; r++ ) { 
if (ixproc  <  n_obj[2*r]+l  II 

(ixproc  >  63  &&  ixproc  <  n_obj [2*r+l] +65) ) { 
der_beta_r  =  p_i_cosa_sinb*sin_cosa_cosb  - 
p_il_cosa_cosb*sin_cosa_sinb; 

der_beta_i  =  p_i_cosa_sinb*cos_cosa_cosb  - 
p_i l_cosa_cosb*  cos_cosa_s inb ; 

der_alpha_r  =  p_i_sina_cosb*sin_cosa_cosb  + 
p_i l_s ina_s inb*  s in_cosa_s inb ; 

der_alpha_i  =  p_i_sina_cosb  *  cos_cosa_cosb  + 
p_il_sina_sinb  *  cos_cosa_sinb; 

/*  Calculate  s  der_beta  products  */ 
s_db_r  =  S_R*der_beta_r  -  S_I*der_beta_i; 
s_db_i  =  S_R*der_beta_i  +  S_I*der_beta_r; 
s_da_r  =  S_R*der_alpha_r  -  S_I*der_alpha_i; 
s_da_i  =  S_R*der_alpha_i  +  S_I*der_alpha_r; 

terml  =  (dat_r  -  s_d_r)  *  s_db_r; 

term2  =  (dat_i  -  s_d_i)  *  s_db_i; 

temp_beta  =  2* (terml  +term2) / (N_R*N_R+N_I*N_I) ; 

terml  =  (dat_r  -  s_d_r)  *  s_da_r; 

term2  =  (dat_i  -  s_d_i)  *  s_da_i; 

temp_alpha  =  2* (terml  +term2) / (N_R*N_R+N_I*N_I)  ; 

terml  =  0.0; 
term2  =  0.0; 

/*  sum  derivatives  over  direction  vector  index  */ 

for  (d=l;  d<nyproc;  d  =  d«l)  /*  then  results  go  south  */ 
if  ((iyproc  &  d-1)  ==  d-1) 

temp_alpha  +=  xnetpN[d] .temp_alpha; 
terml  =  temp_alpha; 

for  (d=l;  d<nyproc;  d  =  d«l)  /*  then  results  go  south  */ 
if  ((iyproc  &  d-1)  ==  d-1) 

temp_beta  +=  xnetpN[d] .temp_beta; 
term2  =  temp_beta; 

if (iyproc  ==  63) { 

xnetcN[63] .terml  =  terml; 
xnetcN[63] .term2  =  term2; 

} 

} 

/*  derivative  of  likelihood  wrt  alpha  =  transpose (terml) 
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derivative  of  likelihood  wrt  beta  =  transpose (term2 )  */ 


address_loc  =  iyproc; 

if{ixproc  ==  2*r  &&  iyproc  <  n_obj [2*r] +1) { 
der_like_alpha  =  router [iyproc] .terml; 
der_like_beta  =  router [iyproc] .te3nn2; 

} 

if{ixproc  ==  2*r+l  &&  iyproc  <  n_obj [2*r+l] +1) { 
der_like_alpha  =  router [iyproc+ 64] .terml ; 
der_like_beta  =  router [iyproc+64] .term2; 

} 

} 

dX[0]  =  dX[l]  =  dX[2]  =  0.0; 
if ( len_mask) { 

/*  Compute  ranges  */ 

rangel  =  (X_temp*X_temp  +  y_temp*y_temp  +  Z_temp*Z_temp) ; 
range2  =  fp_sqrt (X_temp*X_temp  +  y_temp*y_temp) ; 

/*  Find  derivatives  of  angles  alpha  &  beta  wrt  displacements  X,y,Z  */ 

der_alpha_X  =  -X_temp*Z_temp/ {rangel*range2)  ; 
der_beta_X  =  -Y_temp/ (range2*range2 ) ; 
der_alpha_Y  =  -Y_temp*Z_temp/ (rangel *range2 )  ; 
der_beta_Y  =  X_temp/ (range2*range2)  ; 
der_alpha_Z  =  range2 /rangel; 

/*  First  term  in  derivative  of  like  wrt  XYZ 

[der  like  alpha, beta]  *  [der  alpha, beta  wrt  XYZ]  */ 

der_like_X  =  (der_like_alpha*der_alpha_X  +  der_like_beta*der_beta 
der_like_Y  =  (der_like_alpha*der_alpha_Y  +  der_like_beta*der_beta 
der_like_Z  =  (der_like_alpha*der_alpha_Z) ; 

/*  Find  derivative  of  the  range  data  likelihood  wrt  parameters  X,  Y,  Z  */ 

range  =  fp_sqrt (rangel) ; 
der_r_X  =  X_temp/range; 
der_r_Y  =  Y_t emp / range ; 
der_r_Z  =  Z_t emp / range ; 

/*  Second  term  in  derviative  of  like  wrt  XYZ 

[der  like  wrt  range]  *  [der  range  wrt  XYZ]  */ 

der_liker_r  =  (range_dat-  range) / (ran_var*ran_var) ; 

der_liker_X  =  der_liker_r*der_r_X; 
der_liker_Y  =  der_liker_r*der_r_Y; 
der_liker_Z  =  der_liker_r*der_r_Z; 

/*  Add  two  derivative  tearms  */ 

dX[0]  =  len_mask* (der_like_X  +  der_liker_X) ; 
dX[l]  =  len_mask* (der_like_Y  +  der_liker_Y) ; 
dX[2]  =  len_mask* (der_like_Z  +  der_liker_Z) ; 
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} 


k!  X 


/*  Multiply  likelihood  derivative  by 
sqrt ( tracking_data_covariance )  * / 

mymatvecmul (n_obj ,  dX,  cov_out) ; 

/*  position  update  =  posterior  derivative  *  step  size  */ 
if (len_mask) { 

X_temp  =  X_temp  +  dX[0]*dt_X; 

Y_temp  =  Y_teinp  +  dX[l]*dt_Y; 

Z_teinp  =  Z_temp  +  dX[2]*dt_Z; 

if (Z_temp  <  0.0) 

Z_temp  =  0.0; 

} 

} 

if (len_mask) { 

*X  =  X_temp;  *Y  =  Y_temp;  *Z  =  Z_temp; 

} 

}  /*  end  function  diff  */ 
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/*********************-k*******************-k*******************i,*ic*1r******i,-ki, 

initialization.m 

*************************i,**l,**.n,*irir******-l,****************-k****lc****-k***i,*i, 

These  comments  last  edited  6/26/95  by  Jason  August  (jtal@cec.wustl.edu) 

**  End  Introductory  Comments  */ 

Header  Files  to  be  included... 

*******************************  *****■!,  ************************************/ 
#include  <stdio.h>  /*  standard  i/o  header  */ 

#include  <math.h>  /*  math  header  */ 

#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <ppeio.h>  /*  parallel  processing  environment  i/o  header  */ 

#include  <fcntl.h>  /*  file  system  control  header  */ 

#include  <sys/file.h> 

iinclude  <su/values .h>  /*  DEC  header  file  of* common  values  */ 

#include  <su/stdlib.h>  /*  DEC  std.  library. h  ( /usr/maspar/include/su)  */ 
tinclude  <su/unistd.h> 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

#include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

/************************************************^,^,^,^,^,^,^,^,^,^,^t^,^^^^,^^^^^^^^^^^ 

Global  Variable  Declarations 

*****************************************  *********^,^,^,^,^,^,^,^,^,^,^,^^,^^^^^^^^^^^^^ 

extern  int  send_to_jupiter_1995; 

extern  int  send_to_jupiter_1991; 

extern  int  recv_from_jupiter_1992 ; 

extern  float  track [ OB JNUM_MAX] [tracksize] [3] , pitch [OBJNUM_MAX] [tracksize] , 

yaw[OBJmJM_MAX] [tracksize] ,  roll [OBJNUM_MAX] [tracksize] ; 

extern  int  num_obj ; 

visible  extern  int  sendinit_jupiter ( ) ; 

visible  extern  int  recvinit_p { ) ; 

extern  int  do_jupiter; 

/********************************************************************^*^^^^^ 
initialization  function 

initializes  socket  for  tracking  display,  and  then  sends  true  track 
accross  new  socket . 

********************************************************^^^^^^^^^^^^^^^^^^^  ^ 
void  init_jupiter ( ) 

{ 

plural  unsigned  char  tempimage [1024] ; 
int  num,  i,fd,  flag  =  1; 
plural  int  niomber; 
char  name [80] ; 
float  orient [5544] [3]; 


/******  Initialize  socket  to  SGI  for  display  ******/ 
if  (do_jupiter)  { 

send_to_jupiter_1995  =  callRecjuest {sendinit_jupiter, 4, 1995) ; 
.  if  (send_to_jupiter_1995  ==  -1) { 
pr int f ( "error  socket  l\n"); 
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exit ( 1 ) ;  } 


/*  Send  true  track  data  to  SGI  */ 
if  (do_jupiter)  { 

write (send_to_jupiter_1995,&flag,sizeof{int) ) ; 
write(send_to_jupiter_1995,&track[0] [0] [0] , 

tracksi2e*OBJNUM_TRU*3*sizeof (float) ) 
write {send_to_jupiter_1995,&pitch(0] [0] , 

OBJNUM_TRU*tracksize*sizeof (float) ) ; 
write (send_to_jupiter_1995, &yaw[0] [0] , 

OBJNUM_TRU*tracksize*sizeof (float) ) ; 
write  (send_to_jupiter_1995, Scroll  [0]  [0]  , 

OBJNUM_TRU*tracksize*sizeof (float) ) ; 

} 

printf ("Init:  Paths  sent  to  jupiter  for  display\n"); 


} 


/*************************************************************************** 

initialization.m 

***************-lr******************-k**-k************************iti,*i,**-t:******* 

These  comments  last  edited  6/26/95  by  Jason  August  {jtal@cec.wustl.edu) 

**  End  Introductory  Comments  */ 

/****************************************************************^*^*^^^^^^^ 

Header  Files  to  be  included. . . 

*************************************************************************** ^ 
#include  <stdio.h>  /*  standard  i/o  header  */ 

tinclude  <math.h>  /*  math  header  */ 

tinclude  <mpl.h>  /*  MasPar  programming  language  header  */ 

# include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

tinclude  <ppeio.h>  /*  parallel  processing  environment  i/o  header  */ 

tinclude  <fcntl.h>  /*  file  system  control  header  */ 

tinclude  <sys/file.h> 

tinclude  <su/values .h>  /*  DEC  header  file  of  common  values  */ 

tinclude  <su/stdlib.h>  /*  DEC  std.  library. h  { /usr/maspar/include/su)  */ 

tinclude  <su/unistd.h> 

tinclude  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

tinclude  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

/*************************************************************************** 

Global  Variable  Declarations 

*************************************************************************** ^ 

extern  int  send_to_jupiter_1995; 

•  extern  int  send_to_jupiter_1991; 
extern  int  recv_from_jupiter_1992; 

extern  float  track [OBJNUM_MAX] [tracksize] [3] , pitch [ OB JNUM_MAX] [tracksize] , 
yaw[OBJNUM_MAX] [tracksize] ,  roll [OBJNUM_MAX] [tracksize] ; 

extern  int  num_obj ; 

visible  extern  int  sendinit_Rome_Iris () ; 
visible  extern  int  recvinit_p(); 

extern  int  do_jupiter; 

/*************************************************************************** 
initialization  function 

initializes  socket  for  tracking  display,  and  then  sends  true  track 
accross  new  socket. 

****************** *********************************************************^ 
void  initialization 0 

{ 

plural  unsigned  char  tempimage [1024] ; 
int  nxrni,  i,fd,  flag  =  1; 
plural  int  number; 
char  name [80] ; 
float  orient [5544] [3]; 


/******  Initialize  socket  to  SGI  for  display  ******/ 
if  (do_jupiter)  { 

send_to_jupiter_1995  =  callRequest (sendinit_Rome_Iris,4, 1995) ; 
if  (send_to_jupiter_1995  ==  -1){ 
printf ("error  socket  l\n"); 
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exit (1)  ;  } 

} 

/*  Send  true  track  data  to  SGI  */ 


if  (do_jupiter)  { 

write(send_to_jupiter_1995,&flag,si2eof (int) )  ; 
write (send_to_jupiter_1995 , &track[0] [0] [0]  , 
tracksize*OBJNUM_TRU*3*sizeof (float) ) ; 
write (send_to_jupiter_1995, &pitch[0] [0] , 

OBJNUM_TRU*tracksize*sizeof (float) 


write  (send_to_jupiter_1995,S:yaw[0]  [0]  , 

OBJNUM_TRU*tracksize*sizeof (float) 


write (send_to_jupiter_1995 , &roll [0] [0]  , 

OBJNUM_TRU*tracksize*sizeof (float) 


printf ("Init:  Paths  sent  to  jupiter  for  display\n"); 


} 


101 


/★★*******★**★★★*★***********★**★**★****■***★************•*****★**★★*★*****★★* 
j ump_proc e s s - m 

**★*★**★**★★★******★**★*★*★★**★★★***■★★*★***★★★****★**★**★★***★★★*★*★****★★★★ 
These  comments  last  edited  6/26/95 

Jump_Process  caluclates  the  body  frame  velocity  candidate  for  the 
track  birth  option. 

It  uses  the  discrete  version  of  the  equations  of  motion  to  sample  from  the 
prior.  A  sample  from  vector  Gausssian  process  is  substitued  for  the  forces 
driving  the  equation  and  the  equations  are  solved  for  v[n+l]  using: 

v[n+l]  =  v[n](I-Q[n])  +  f [n] 

where  Q[n]  is  the  skew-symmetric  matrix  of  angular  veclocities 
p_rate,  q_rate,  r_rate 

Using  the  orientations  pitch,  yaw  and  roll,  the  program  calculates 
angular  velocities,  and  then  forms  the  matrix  Q  to  evaluate  v[n+l]  from 
the  above  equation 

if  tracklength  =  0  then  v[n+l]  =  0. 

**  End  Introductory  Comments  */ 

y*************************************************************************** 
Header  Files  to  be  included. . . 

***************************************************************************y 

#include  <stdio.h>  /*  standard  i/o  header  */ 

#include  <math.h>  /*  math  header  */ 

#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

tinclude  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

#include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

y*************************************************************************** 

External  Variable  Declarations 

*******************'********************************************************y 

extern  plural  float  JumpRand; 

/*************************************************************************** 
jump_metro  function  (see  above  comments) 

***************************************************************************y 

void 

jvimp_metro(int  n_obj [OBJNUM_MAX] ,  int  sel,  int  read_indx, 

plural  float  theta,  plural  float  phi,  plural  float  psi, 
plural  float  *u,  plural  float  *v,  plural  float  *w, 
plural  float  T[3][3],  float  p_rate[OBJNUM_MAX] , 
float  q_rate [OBJNUM_MAX] ,  float  r_rate [OBJNUM_MAX] ) 

{ 

/*  variable  declaration  */ 
int  r ; 

float  u_term,  v_term,  w_term, 

U_n[OBJNUM_MAX] ,  v_n tOBJNUM_MAX] ,  W_n [OBJNUM_MAX] , 
pitch,  roll,  yaw, 
theta_p,  phi _p,  psi_p; 
register  float  term, 

cos_theta,  cos_phi,  cos_psi, 
sin_theta,  sin_phi,  sin_psi; 
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/*  if  no  track  segments  velocities  =  0  */ 

if  {n_obj [sel]  ==  0) 

{ 

u_n[sel]  =  0; 
v_ntsel]  =  0; 
w_n[sel]  =  0; 

} 

else 

{ 

pitch  =  proc [n_obj [sel]  -  1] [sel] .theta; 
roll  =  proc [n_obj [sel]  -  1] [sel] .phi; 
yaw  =  proc [n_obj [sel]  -  1] [sel] .psi; 

u_term  =  proc [n_obj [sel]  -  l][sel].*  u; 
v_term  =  proc [n_obj [sel]  -  1]  [sel] .*  v; 
w_term  =  proc [n_obj [sel]  -  l][sel].*  w; 

/*  if  only  1  track  segment,  angular  velocities  =  0  */ 

if  (n_obj [sel]  ==  1) 

{ 

theta_p  =  0.0; 
psi_p  =  0.0; 
phi_p  =  0.0; 

} 

/*  otherwise,  compute  change  in  orientation  from  last  segment  */ 

else 

{ 

term  =  proc [n_obj [sel]  -  2] [sel] .theta ; 
angle_dif f (term,  pitch,  &theta_p) ; 
term  =  proc [n_obj [sel]  -  2] [sel] .phi; 
angle_dif f (term,  roll,  &phi_p) ; 
term  =  proc [n_obj [sel]  -  2] [sel] .psi; 
angle_dif  f  (term,  yaw,  S:psi_p)  ; 

} 

cos_theta  =  cos (pitch) ; 
sin_theta  =  sin (pitch) ; 
sin_phi  =  sin(roll); 
cos_phi  =  cos (roll); 

» 

/*  final  calculation  of  angular  velocities  */ 
p_rate[sel]  =  phi_p  -  psi_p  *  sin_theta; 

q_rate[sel]  =  theta_p  *  cos_phi  -  psi_^  *  cos_theta  *  sin_phi; 
r_rate[sel]  =  -theta_p  *  sin_phi  +  psi_p  *  cos_theta  *  cos_phi; 

/*  solve:  v[n+l]  =  (I-Q[n] )  v[n]  */ 

u_n[sel]  =  u_term  +  r_rate[sel]  *  v_term  -  q_rate[sel]  *  w_term; 
v_n[sel]  =  -r_rate[sel]  *  u_term  +  v_term  +  p_rate[sel]  *  u_term 
w_n[sel]  =  ci_rate[sel]  *  u_term  -  p_rate[sel]  *  v_term  +  w_term; 

} 

/*  Gaussian  driving  function  */ 
if  (read_indx  ==  0) 

GaussRand(&;JumpRand)  ; 
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/*  Constructing  the  candidate  vector  of  velocities  */ 

/****  Add  f[n]  *****/ 

if  (iyproc  ==  n_obj [sel]  &&  ixproc  ==  sel) 

{ 

*u=u_n[sel]+0 . l*sqrt { force_var_x) *proc [4096*sel+3*read_indx] .JumpRand; 
*v=v_n[sel] +0 . l*sqrt ( force_var_y) *proc [4096*sel+3*read_indx+l] . JumpRand, - 
*w=w_n [sel] +0 . l*sqrt ( force_var_z) *proc [4096*sel+3*read_indx+2] .JumpRand; 

} 
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y^**********************************-***************************************** 

like_calculation.m 

★  ★★*★★*★*****★*★*★★★*★■**■***■*★*★*■**★★■**★**•**■*★*★*★**★★★★**•***★*****★*★★★***** 

These  comments  last  edited  6/28/95 

The  following  functions  compute  the  likelihood  of  various  options 
(the  linear  Kalman  filter  state  equations  for  tracking,  guiding,  or 
providing  initial  conditions  for  the  gradient  based  estimators  are 
generated  from  the  likelihood) 

**  End  Introductory  Comments  */ 

/*************************************************************************** 
Header  Files  to  be  included. . . 

***************************************************************************/ 
tinclude  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

#include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

/*************************************************************************** 
Global  Variable  Declarations 

***************************************************************************/ 
extern  plural  float  index_u, 

index_d; 

extern  int  num_ob j ;  /*  number  of  objects  in  scene  */ 

/*************************************************************************** 
likelihood  function 

Calculates  the  probability  for  an  option  -  segment  birth/death  or  track 
birth 

***************************************************************************/ 

void 

like (int  option,  int  sel,  int  n_obj [0BJNUM_MAX3 ,  plural  float  dat_r, 
plural  float  dat_i,  plural  float  range_dat, 
plural  float  alpha [OB JNUM_MAX/2] , 

plural  float  beta [OBJNUM_MAX/2 ] ,  float  *likelihood, plural  float  X, 
plural  float  Y,  plural  float  Z) 

{ 

/*  variable  declaration  */ 
int  r, 

max_indx ; 
float  pi, 

term; 

register  plural  float  dr,  di, 

tempi,  temp2, 
cos_alpha,  cos_beta, 
sin_alpha,  sin_beta; 

plural  int  len_mask; 
plural  float  temp3 , 

dat_r_loc,  dat_i_loc, 

Sig_r,  Sig_i, 
temp, 

range_templ,  range_temp2; 

/*  initialize  variables  */ 
pi  =  4.0*atan(1.0) ; 

Sig_r  =  Sig_i=  0.0; 
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dr  =  di  =  0.0; 


/*  find  the  longest  track  window  (window  =  n_obj  =  0..63)  */ 

max_indx  =  -1; 

for (r=0;r<num_obj ;r++) { 

inax_indx  =  max {max_indx, n_obj  [r] )  ; 

} 

/*  Select  track  length  according  to  option  */ 
if (option  ==  1)  /*  delete  the  track  segment  */ 
n_obj[sel]  =  n_obj [sel] -2 ; 
if (option  ==  2)  /*  Not  deletion  or  addition  */ 
n_obj [sel]  =  n_obj [sel] -1; 

/*  option  "3"  is  add  a  track  segment  which  is  assumed  to  be  done  */ 
if (option  ==  4)  /*  add  object  ***/ 
num_obj++; 

/*  In  parameter  matrix  1  for  segment  0  for  no  segment, 
tracks  are  columns  */ 
len_mask  =  0 ; 
for ( r=0 ; r<num_ob j ; r++ ) { 

if(iyproc  <=  n_obj [r]  &&  ixproc  ==  r) 
len_mask  =  1; 

} 

dr  =  di  =  0.0; 
if(max_indx  >  -1) { 

for ( r=0 ; r<num_ob j /2  +  (num_ob j - (num_obj /2 ) *2 ) ; r++ ) { 
if(ixproc  <  n_obj[2*r]+l  II 

(ixproc  >  63  &&  ixproc  <  n_obj [2*r+l] +65) ) { 

cos_alpha  =  fp_cos (alpha [r] ) ;  /*  speed  up  code  by  eliminating  */ 
cos_beta  =  fp_cos (beta [r] ) ;  /*  redundant  calculations...  */ 

sin_alpha  =  fp_s in (alpha [r] ) ; 
sin_beta  =  fp_sin (beta [r] )  ; 

temp  =  pi*(index_d*  cos_alpha*sin_beta  + 
index_u*  cos_alpha*cos_beta) ; 
dr  =  dr  +  fp_cos (temp) ; 
di  =  di  -  fp_sin (temp) ; 

} 

} 

if(num_obj  >  1  &&  ixproc  <  max_indx+l) { 

dat_r_loc  =  dat_r  -  (S_R*xnetE[64] .dr-S_I*xnetE[64] .di) ; 
dat_i_loc  =  dat_i  -  (S_R*xnetE[64] .di+S_I*xnetE[64] .dr) ; 

} 

else  if (ixproc  <  max_indx+l) { 
dat_r_loc  =  dat_r; 
dat_i_loc  =  dat_i; 

} 

if (ixproc  <  max_indx+l) { 

Sig_r  =  S_R*dr-S_I*di; 

Sig_i  =  S_R*di+S_I*dr; 

tempi  =  (dat_r_loc  -  Sig_r) ; 
temp2  =  (dat_i_loc  -  Sig_i) ; 

temp3  =  - (templ*templ  +  temp2*temp2) / (N_R*N_R+N_I*N_I) ; 

*likelihood  =  (fp_matsxim(64, 64,&temp3, 128,  0, 0)  )  ; 

} 
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if (len_mask) { 

range_templ  =  range_dat  -  fp_sqrt (X*X+Y*Y+Z*Z)  ; 

range_teinp2  =  range_templ*range_templ; 

term  =  -fp_matsum(64,num_obj ,&range_temp2, 128, 0, 0)  ; 

} 

*likelihood  =  *likelihood  +  term/ (ran_var*ran_var) ; 

} 

else{ 

*likelihood  =  -1000000.0;  /*  some  large,  negative  number  */ 

} 

/*  Reset  the  lengths  to  their  original  values  */ 
if (option  ==  1) 

n_obj[sel]  =  n_obj [sel] +2 ; 
if (option  ==  2) 

n_obj [sel]  =  n_obj [sel] +1; 

} 

^*************************************************************************** 
likelihood  of  track  birth  function 

determines  the  likelihood  of  adding  a  track  (a  new  object)  to  the  scene. 

This  is  a  jiomp  move. 

*************************************************************************** ! 
void 

like_track_birth(int  M,  plural  float  dat_r, 

plural  float  dat_i,  plural  float  range_dat, 
float  *likelihood, float  XO (OBJNUM_MAX] , 
float  YO [OBJNUM_MAX] ,  float  ZO [OBJNUM_MAX] ) 

{ 

plural  float  dr,  di, Sig_r, Sig_i, temp, tempi, temp2, temp3 ; 
int  r; 

float  alpha  [ OB JNUM_MAX ]  ,  beta  [OBJNUM_MAX]  , 

pi,  sin_alpha,  sin_beta,  cos_beta,  cos_alpha; 

dr  =  0;  di  =  0; 
pi  =  atan (1.0)  *  4 ; 

for  (r=0;r<M;r++)  { 

beta[r]  =  (atan (YO [r] /XO [r] ) )  ; 

alpha[r]  =  (atan (ZO [r] /sgrt (XO [r] *X0 [r]  +  YO [r] *Y0 [r] ) ) )  ; 
if (Y0[r]  <  0) { 
if(X0[r]  <  0) 

beta[r]  =  beta[r]  +  pi; 
else 

beta[r]  =  beta[r]  +  2*pi; 

} 

else{ 

if(X0[r]  <  0)  beta[r]  =  beta[r]  +  pi; 

} 

} 

for  (r=0;r<M;r++) { 
if (ixproc  <  1) { 

cos_alpha  =  cos (alpha [r] ) ; 
cos_beta  =  cos (beta [r] ) ; 
sin_alpha  =  sin (alpha [r] ) ; 
sin_beta  =  sin(beta [r] ) ; 

temp  =  pi*(index_d*  cos_alpha*sin_beta  +  index_u  *  cos_alpha*cos_beta) ; 
dr  =  dr  +  fp_cos (temp) ; 
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di  =  di  -  fp_sin (temp) ; 

} 

} 

if (ixproc  <  1) { 

Sig_r  =  S_R*dr-S_I*di; 

Sig„i  =  S_R*di+S_I*dr; 

tempi  =  {dat_r  -  Sig_r) ; 
temp2  =  (dat_i  -  Sig_i) ; 

temp3  =  - (templ*templ  +  temp2*temp2) / (N_R*N_R+N_I*N_I) 
*likelihood  =  ( fp_matsum{64, 64 , &temp3 , 128 , 0, 0) ) ; 

} 

} 
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inatrix_inult  .m 

**************************************************************************** 
Thess  coiTnnents  last  edited  S/21  IBS  by  Jason  August  (jtal@cec.wustl.edu) 

These  functions  perform  the  indicated  operations  on  matricies. 

**  End  Introductory  Comments  */ 

y *************************************************************************** 

Header  Files  to  be  included. . . 

***************************************************************************/ 
#include  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

# include  <mpl.h>  /*  Mas Par  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

tinclude  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

^ *******************************************************************  ******** 
Global  Variable  Declarations 

***************************************************************************/ 
extern  int  num_ob j ;  /*  number  of  estimated  objects  in  the  scene  */ 

^********************************** ***********  ****************************** 
function:  mymatmul 

T  is  multiplied  by  cov_out [obj_ind]  and  returned  in  K_x 
***************************************************************************/ 

void 

mymatmul { int  n , 

int  obj_ind,  /*  current  object  */ 

plural  float  T[3] [3] , 

plural  float  cov_out [OBJNUM_MAX] [3] [2] , 
plural  float  K_x[OBJNUM_MAX] [3] [2] ) 

{ 

int  i,  k,  1,  m; 

plural  float  K_x_temp [3 ] [3 ] ; 
register  plural  float  temp,  temp2[3]; 


for  (1=0;  1  <  3;  1++) 

{ 

if  (1  ==  0  &&  ixproc  <  64) 

{ 

temp2[0]  =  cov_out [obj_ind] [0] [0] ; 
temp2[l]  =  cov_out [obj_ind] [1] [0] ; 
temp2 [2]  =  cov_out [obj_ind] [2] [0] ; 

}  else 

if  (1  ==  1  &&  ixproc  <  64) 

{ 

temp2 [ 0 ]  =  xnetE [ 64 ] . cov_out [ob j_ind] [ 0 ] [ 0 ] 
temp2[l]  =  xnetE [64] . cov_out [obj_ind] [1] [0] 
temp2[2]  =  xnetE[64] .cov_out [obj_ind] [2] [0] 
}  else 

if  (1  ==  2  &&  ixproc  <  64) 

{ 

temp2[0]  =  cov_out [obj_ind] [0] [1] ; 
temp2[l]  =  cov_out [obj_ind] [1] [1] ; 
temp2[2]  =  cov_out [obj_ind] [2] [1] ; 

} 

for  (k  =  0;  k  <  3;  k++) 
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{ 


temp  =  0.0; 

for  (i  =  0;  i  <  n  +  1;  i++) 

{ 

if  (iyproc  ==  i  &&  ixproc  <  64) 

{ 

temp  =  proc[i] [obj_ind] .T[k] [0]  *  temp2[0]  + 
proc[i]  [obj_ind]  .T[]<;]  [1]  *  temp2[l]  + 
proc[i] [obj_ind] .T[k] [2]  *  temp2t2]; 
if  (i  >  0) 

temp  =  temp  +  xnetN[l] .temp; 

} 

} 

K_x_temp[k] [1]  =  temp; 

} 

} 

for  (k  =  0;  k  <  3;  k++) 

{ 

for  (1  =  0;  1  <  3;  1++) 

{ 

temp  =  0.0; 

for  (i  =  0;  i  <  n  +  1;  i++) 

{ 

if  (ixproc  ==  i) 

{ 

temp  =  proc[i] [obj_ind] .T[k] [0]  *  K_x_temp[l] [0]  + 
proc[i] [obj_ind] .T(k] [1]  *  K_x_temp[l] [1]  + 
proc[i] [obj_ind] .T[k] [2]  *  K_x_temp[l] [2] ; 
if  (i  >  0) 

temp  =  temp  +  xnetW[l] .temp; 

} 

} 

if  (1  ==  0  &&  ixproc  <  64) 

K_x[obj_ind] [k] [0]  =  temp; 
if  (1  ==  1  &&  ixproc  >  63) 

K_x[obj_ind] [k] [0]  =  xnetW[64] .temp; 
if  (1  ==  2  &&  ixproc  <  64) 

K_x[obj_ind] [k] [1]  =  temp; 

} 

} 

} 


function:  mymatmul2 

T,  a  3x3  matrix,  is  multiplied  by  cov_out,  another  3x3  matrix, 
and  returned  in  K_x 


void 

mymatmul2 ( int  n,  plural  float  T[3][3], 
plural  float  K_x[3][3]) 

{ 


plural  float  cov_out [3] [3] , 


/ 


i,  k,  1;  /*  index  variables  */ 

plural  float  K_x_temp[3] [3] ; 
register  plural  float  temp; 


for  (k  =  0;  k  <  3;  k++) 

{ 

for  (1  =  0;  1  <  3;  1++) 
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} 

} 


temp  =  0.0; 
if  (iyproc  <  n  +  1) 

temp  =  T[k] [0]  *  cov_out [0] [1]  +  T[k] [1] 
T[k][2]  *  cov_out [2] [1] ; 
for  (i  =  0;  i  <  n  +  1;  i++) 

{ 

if  (iyproc  ==  i) 

{ 

if  (i  >  0) 

temp  =  temp  +  xnetN[l] -temp; 

} 

} 

K_xCk][l]  =  temp; 


★ 


cov_out [ 1 ] [ 1 ] 


+ 


} 


/***************************** 
function:  mymatvecmul 
multiplies  a  matrix  K_x  by 
****************************** 


************** 

a  vector  dX 
************** 


*  * 


*  * 


******* 


******* 


*  * 

*/ 


mJiiJtvecmuKint  n_obj  [OBJNUM_MAX]  .  plural  float  dX[3], 
plural  float  K_x[OBJNUM_MAX] [3] [2] ) 


int 

register  plural  int  address_loc; 
register  plural  float  A,  test,  A2; 
plural  float  dX_t[3]; 
register  plural  int  active; 


test  =  0.0; 

/***  transpose  the  gradient  vector  and  spread  south  ***/ 

if  (ixproc  <  64) 

address_loc  =  nxproc  *  ixproc ; 

else 

address_loc  =  0; 


for  (r  =  0;  r  <  num_ob j ;  r++) 

^  dX_t[0]  =  dX_t[l]  =  dX_t[2]  =  0.0; 

if  (iyproc  ==  0  &&  ixproc  <  n_obj [r]  +  1) 

dX_t[0]  =  router [address_loc  +  r] .dX[0] ; 

<ax_t[l]  =  router  [address_loc  +  r]  .dX[l]  ; 
dX_t[2]  =  router [address_loc  +  r].dX[2]; 
xnetcS[63] .dX_t[0]  =dX_t[0]; 
xnetcS[63] .dX_t[l]  =dX_t[l]; 
xnetcS[63] .dX_t[2]  =  dX_t[2]; 

/***  multiply  with  cov.  mat.  and  sum  along  columns  / 
for  (i  =  0;  i  <  3;  i++) 

{ 

A  =  A2  =  0.0; 

if  (ixproc  <  n_obj[r]  +  1) 

{ 
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A  =  K_x[r][i][0]  *  dX_t[0]  +  xnetE[64] .K_x[r] [i] [0]  *  dX_t[l] 
+  K_x[r] [i] [1]  *  dX_t[2]; 

} 

/***  do  matsximtovey  ***/ 
all  active  =  0; 

active  =  1; 

all 

{ 

register  int  d; 
if  (! active) 

A  =  0;  /*  0  =  IDENT  */ 

if  (ixproc  <  64) 

{ 

for  (d  =  1;  d  <  64;  d  =  d  «  1) 

{ 

if  ((ixproc  Scd-l)  ==d-l) 

{ 

A  +=  xnetpW[d] .A; 

} 

} 

} 

if  (ixproc  ==  63) 
xnetcW[63] .A  =  A; 


if  (ixproc  ==  r) 
dX[i]  =  A; 

} 

} 

} 
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/*************************************************************************** 
reshaping_covariance .m 

**************************************************************************** 
These  comments  last  edited  6/26/95 

The  following  functions  rearrange  covariance  matricies  on  the  MasPar. 

**  End  Introductory  Comments  */ 


Header  Files  to  be  included. . . 


# include 
# include 
#include 
# include 
♦include 


<stdio.h> 
<stdlib.h> 
<math . h> 
<mpl .h> 
<mpml . h> 


/*  standard  i/o  header  */ 

/*  standard  libraries...  */ 

/*  math  header  */ 

/*  MasPar  programming  language  header  */ 
/*  MasPar  mathematics  library  header  */ 


# inc lude  <head . h>  / * 
♦include  <param.h>  /* 
/*  End  Header  Files  to  be 


the  big  header  file  that  everything  is  in  */ 
system  parameter  header  file  */ 
included  */ 


/*************************************************************************** 
Global  Variable  Declarations 

***************************************************************************/ 
plural  int  u_dep,  v_dep,  w_dep; 


reshape_cov  function 

to  be  computed  efficiently  by  the  MasPar,  the  covariance  matrix  cov_in 
must  be  shifted  from  datasets  with  clustered  xyz  coordinates  to  cov_out, 
a  covariance  matrix  in  which  x,  y,  and  z  areas  of  data  exist  separately. 
*************************************************************************** 


/ 


void 

reshape_cov { int  n_obj [OBJNUM_MAX] ,  int  sel, 

plural  float  cov_in[OBJNUM_MAX] [3] [2] , 
plural  float  cov_out [OBJNUM_MAX]  [3]  [2] ) 

{ 

int  i,  k, 

col,  col2,  element; 
plural  int  addrT , 

u_add,  v_add,  w_add; 

/*  element  =  (3*n)%64;  */ 

col  =  (3  *  n_obj[sel])  /  128; 

col2  =  (3  *  (n_obj[sel]  +  1) )  /  128; 


if  (n_obj[sel]  ==  0) 


/* 

**  Setting  the 

depths 

if 

( (iyproc  % 

3) 

==  0) 

u_dep  =  0; 

if 

{  ( iyproc  % 

3) 

==  1) 

u_dep  =  2; 

if 

( ( iyproc  % 

3) 

==  2) 

u_dep  =  1; 

V_i 

dep  =  xnetN 

[1] 

.  u_dep ; 

if 

(iyproc  == 

0) 

v_dep  =  1; 

W_' 

dep  =  xnetS 

[1] 

. u_dep ; 

if 

(iyproc  == 

63 

) 

for  u,v,w  ****/ 
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w_dep  =  2; 

} 

/*  address  for  router  calls  */ 
if  (ixproc  <  64) 

u_add  =  128  *  ( (iyproc  *  3)  %  64)  +  3  *  ixproc  %  128; 
else 

u_add  =  xnetW[64] .u_add  +  1; 

w_add  =  128  *  ({iyproc  *  3)  %  64)  +  (3  *  ixproc  +  2)  %  128; 


/*  rearrange  using  router  calls  */ 
if  (ixproc  ==  n_obj[sel]) 

{ 

/*  u  -  u  */ 

cov_out(sel] [0] [0]  =  router [u_add] .cov_in[sel] [u_dep] [col]  ; 

/*  V  -  u  */ 

cov_out [sel] [1] [0]  =  router [u_add  +  128].cov_in[sel][v_dep][col]; 
/*  w  -  u  */ 

cov_out[sel]  [2]  [0]  =  router[u_add  +  256] .cov_in[sel] [w_dep] [col] ; 

if  (ixproc  ==  n_obj [sel]  +  64) 

{ 

/*  u  -  V  */ 

cov_out[sel] [0] [0]  =  router [u_add] .cov_in[sel] [u_dep] [col] ; 

/*  V  -  V  */ 

cov_out [sel] [1] [0]  =  router[u_add  +  128].cov_in[sel][v_dep][col]; 

/*  w  -  V  */ 

cov_out [sel] [2] [0]  =  router [u_add  +  256] . cov_in [sel] [w_dep] [col] ; 

} 

if  (ixproc  ==  n_obj[sel]) 

{ 

/*  u  -  w  */ 

cov_out[sel] [0] [1]  =  router [w_add] .cov_in[sel] [u_dep] [col2]  ; 

/*  V  -  w  */ 

cov_out[sel] [1]  [1]  =  router [w_add  +  128] .cov_in[sel] [v_dep] [col2] ; 
/*  w  -  w  */ 

cov_out[sel] [2] [1]  =  router [w_add  +  256] .cov_in[sel] [w_dep] [col2] ; 

} 

/*  transpose  two  columns  into  one  row  address 
for  transposing  the  rearranged  columns  */ 
if  (ixproc  <  64) 

addrT  =  128  *  ixproc  +  n_obj [sel] ; 
else 

addrT  =  xnetE [ 64] .addrT ; 

if  (iyproc  ==  n_obj[sel]) 

{ 

if  (ixproc  <  64) 

{ 

cov_out [ sel ] [ 0 ] [ 0 ]  =  router [ addrT] . cov_out [ sel ] [ 0 ] [ 0 ] ; 
cov_out [sel] [1] [0]  =  router[addrT  +  64] .cov_out [sel] [0] [0] ; 
cov_out[sel] [2] [0]  =  router [addrT] .cov_out [sel] [0] [1]  ; 
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} 


cov_out[sel]  [0] [1] 
cov_out[sel] [1] [1] 
cov_out[sel]  [2] [1] 


}  else 
{ 

cov_out[sel]  [0]  [0] 
cov_out[sel] [1]  [0] 
cov_out[sel] [2] [0] 


} 


router [addrT] .cov_out [sel] [2] [0] ; 
router [addrT  +  64] . cov_out [sel] [2] [0] ; 
router [addrT] .cov_out [sel] [2] [1] ; 


router [addrT] .cov_out [sel] [1] [0] ; 
router [addrT  +  64] . cov_out [sel] [1] [0] ; 
router [addrT] .cov_out [sel] [1] [1] ; 


/*************************************************************************** 
shift_cov_out  function 
shifts  the  covariances  to  cov_out 

***************************************************************************/ 

void 

shif t_cov_out { int  sel,  plural  float  cov_out [OBJNUM_MAX] [3] [2] ) 

{ 

int  i,  k;  /*  indexing  variables  */ 


/*  shift  the  covariances  */ 
for  (i  =  0;  i  <  3;  i++) 

{ 

for  (k  =  0;  k  <  2;  k++) 

{ 

cov_out [sel]  [i]  [k]  =  xnetE[l] .cov_out [sel] [i]  [k] ; 
cov_out[sel]  [i]  [k]  =  xnetS[l] .cov_out [sel] [i] [k]  ; 

} 

} 


} 


^★★★******************************'*-***************************************** 
shi f twindow . m 

These  comments  last  edited  6/26/95  by  Jason  August  (jtal@cec.wustl.edu) 

**  End  Introductory  Comments  */ 

^*************************************************************************** 
Header  Files  to  be  included. . . 

**************************************************************************** ! 
#include  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

#include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

/**********★*********************************★****************************** 
Global  Variable  Declarations 

*****★★**★***★★★★★******★*★*★*★*★****★******★★****★*★★★**★********★*★★*★*** ^ 
extern  int  niim_obj ; 

y*************************************************************************** 
shiftwindow  function: 

shifts  the  64-length  window  to  allow  for  newer  data 
***************************************************************************/ 
void 

shiftwindow (int  *shift_yes,  int  sel,  int  n_obj [OBJNUM_MAX] , 
plural  float  *dat_r,  plural  float  *dat_i, 
plural  float  *u,  plural  float  *v,  plural  float  *w, 
plural  float  *X,  plural  float  *Y,  plural  float  *Z, 
float  XO [OBJNUM_MAX] ,  float  YO [OBJNUM_MAX] ,  float  ZO [OBJNUM_MAX] , 
plural  float  *theta,  plural  float  *phi,  plural  float  *psi, 
plural  float  *range_dat) 

{ 

int  r;  /*  index  variable  */ 

*shift_yes  =1;  /*  yes,  shift  */ 
n_obj[sel]  =  63; 

/*  shift  the  64-length  window  */ 

*dat_r  =  xnetE [1] . (*dat_r) ; 

*dat_i  =  xnetE [ 1 ] . ( *dat_i ) ; 

*u  =  xnetS[l] . (*u) ; 

*v  =  xnetS[l] . (*v) ; 

*w  =  xnetS[l] . (*w) ; 

for  (r  =  0;  r  <  num_ob j ;  r++) 

{ 

X0[r]  =  proc[0] [r] . (*X) ; 

Y0[r]  =  proc[0] [r] . (*Y) ; 

Z0[r]  =  proc[0] [r] . (*Z) ; 

} 

*theta  =  xnetS[l] . (*theta) ; 

*phi  =  xnetS [1] . (*phi) ; 

*psi  =  xnetS [1] . (*psi) ; 

*range_dat  =  xnetS [l].(*range_dat); 


116 


if  (ixproc  ==  63) 

*dat_r  =  *dat_i  =  0.0; 

if  (iyproc  ==  63) 

{ 

*u  =  *v  =  *w  =  0.0; 

*X  =  *Y  =  *Z  =  0.0; 

*theta  =  *phi  =  *psi  =  0.0; 

*range_dat  =  0.0; 

} 

/*  decrement  the  n_obj  values  for  other  tracks  */ 
for  (r  =  0;  r  <  nxim_ob j ;  r++) 

{ 

n_obj [r]  =  n_obj [r]  -  1; 

} 

n_obj[sel]  =  n_obj[sel]  +  1; 
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/*************************************************************************** 
write_socket .m 

★  ***★***★*★★***★****★**■*•★*★*****★****★*****★**★★***★*******************•*★*** 
These  coiranents  last  edited  6/26/95  by  Jason  August  {jtal@cec.wustl.edu) 

**  End  Introductoiry  Comments  */ 

/***************************************************************■************ 
Header  Files  to  be  included. . . 

★**************************************************************************/ 
#include  <stdio.h>  /*  standard  i/o  header  */ 

# include  <math.h>  /*  math  header  */ 

#include  <mpl.h>  /*  MasPar  programming  language  header  */ 

#include  <mpml.h>  /*  MasPar  mathematics  library  header  */ 

#include  <su/unistd.h> 

#include  <head.h>  /*  the  big  header  file  that  everything  is  in  */ 

#include  <param.h>  /*  system  parameter  header  file  */ 

/*  End  Header  Files  to  be  included  */ 

/*************************************************************************** 
Global  Variable  Declarations 

***************************************************************************/ 
extern  float  track[OBJNUM_MAX] [tracksize] [3] , 

pitch [OB JNUM_MAX] [tracksize] , 
yaw[OBJNUM_MAX] [tracksize] , 
roll [OBJNUM_MAX] [tracksize]  ; 

extern  int  num_ob j ; 

/*************************************************************************** 
write_socket  function 

moves  recently  computed  data  to  display  SGI 
***************************************************************************/ 
void 

write_socket ( int  num_ob j ,  int  sockl , 

int  len_obj [OBJNUM_MAX] ,  int  n_obj [OBJNUM_MAX] , 
int  len_track,  int  move_type,  int  accept_reject, 
plural  float  X,  plural  float  Y,  plural  float  Z, 
int  index [ OB JNUM_MAX ] )  { 
int  i,  r;  /*  index  variables  */ 

float  socket_temp[192] ;  /*  socket  data  buffer  */ 

/*  write  to  the  sockets  */ 

write ( sockl ,  &num_obj ,  sizeof (num_obj ) ) ; 

write  ( sockl ,  &;len_track,  sizeof  ( len_track) )  ; 

write (sockl,  &move_type,  sizeof (move_type) ) ; 

write(sockl,  &accept_reject,  sizeof (accept_reject) ) ; 

for  (r  =  0;  r  <  num_ob j ;  r++) 

{ 

write(sockl,  &len_obj [index [r] ] ,  sizeof (int) ) ; 
write(sockl,  &n_obj [index [r] ] ,  sizeof (int )) ; 

} 

for  (r  =  0;  r  <  num_ob j ;  r++) 

{ 

for  (i  =  0;  i  <=  63;  i++) 

{ 

socket_temp[3  *  i]  =  proc [i] [index [r] ] .Y; 
socket_temp[3  *  i  +  1]  =  proc [i] [index [r] ] .Z; 
socket_temp[3  *  i  +  2]  =  proc [i] [index[r] ] .X; 
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irite(sockl,  socket_temp,  192  *  sizeof (float) ) 


} 

} 


The  current  directory  is: 

~atr /demo /display 


This  directory  contains  the  C  program 
big.c 

Which  is  responsible  for  displaying  the  results  of  target 
detection  and  tracking  using  simulated  data  from  a  cross  array 
of  radar  sensors.  The  program  receives  true  and  estimated 
track  information  from  the  mpp  program  via  a  socket  connection, 
and  uses  routines  from  the  standard  SGI  graphics  library  to 
produce  a  3-D  rendering  of  the  simulated  active  scene.  See 
the  source  code  for  further  comments. 
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This  is  a  display  program  which  displays  the  true  and  the  estimated 
configurations  using  the  SGI  GL.  It  receives  all  the  parameters 
(true  &  estimated)  across  the  socket  from  MPP  programs. 

i*****************************************************************/ 


header  files  **************** 


/ 


#include  <stdio.h> 

# include  <math.h> 
#include  <gl/gl.h> 
#include  <gl /device .h> 
# include  <fcntl.h> 
#include  <strings.h> 
#include  <fmclient.h> 

# include  <OBJ.h> 
#include  <flip.h> 

# include  <realparms .h> 


/ici,*-!,  ************************  ******** 

Some  fixed  parametes  which  should  be 
************************************* 


************************** 

defined  in  the  header  file 
************************** 


★  ★  ★ 

★  ★  * 


/ 


#define  X  0 
#define  Y  1 
#defina  Z  2 

/*  #define  vert_down_shif t  -2000  */ 

#define  vert_down_shif t  0 

#define  size2  40 

tdefine  OTHOX  3 

ttdefine  OTHOY  3 

tdefine  OTHOZ  5 


global  variables 


****************************************** 

for  the  display  program 
****************************************** 


ic 

/ 


/***  True  parameters  read  from  a  file  in  the  mpp  program  and 

sent  over  a  socket  for  display  of  true  configuration  ****/ 

float  yaw[OBJNUM_TRU] [tracksize] , 
pitch [OBJNUM_TRU] [tracksize], 
roll [OBJNUM_TRU] [tracksize]  , 
track_read [ OB JNUM_TRU* tracksize] [3] , 
track [OBJNUM_TRU] [tracksize] [3] , 
trackl [OBJNUM_TRU] [tracksize] [3] , 


/******  Estimated  positions  forming  the  tracks  ***/ 


trackl_est [OBJNUM_TRU] [tracksize] [3] , 
track_est [OBJNUM_TRU] [tracksize] [3] ; 

/***  window  ids  ***/ 


long  mainwin, 

smallwin [OBJNUM_TRU] , 
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smallerwin[OBJNUM_TRU] ; 

float  x_0 [OBJNUM_TRU] , 

Y_0  [OBJNUM_TRU] , 

2_0  [OBJNUM_TRU] ; 


/*  Window  coordinates  used  by  SGI  for  display  */ 

long  xorigin, 
yorigin; 

/*  Current  estimated  length  of  the  tracks  */ 
int  current_len[OBJNUM_TRU] ; 

/*  Actual  length  of  .the  tracks  */ 
int  len_track  =  0; 

/*  Total  estimated  nximber  of  targets  in  the  scene  */ 
int  num_obj  =  0; 

/**  data  type  for  x29  display  */ 
fliP-type  flips [1]; 

/  *  Viewing  matrix  for  display,  initialized  to  identity  **/ 

Matrix  Identity  =  {  1,  0,  0,  0,  0,  1,  0,  0, 

0,  0,  1,  0,  0,  0,  0,  1  }; 

/*******  Definition  of  display,  lighting,  materials  etc  for  graphics 

static  float  dullmat[]  =  { 

AMBIENT,  0.1,  0.1,  0.2, 

DIFFUSE,  0.2, 0.4, 0.8, 

SPECULAR,  0.2,  0.2,  0.3, 

SHININESS,  30, 

LMNULL 


static  float  shufmat[]  =  { 
AMBIENT,  0.1,  0.2,  0.1, 
DIFFUSE,  0.5,  0.9,  0.4, 
SPECULAR,  0.2,  0.4,  0.2, 
SHININESS,  65, 

LMNULL 

}; 


static  float  mat[]  =  { 
AMBIENT,  0.,  0.,  0., 
DIFFUSE,  0.5,  0.5,  0.5, 
SPECULAR,  1,  1,  1, 
SHININESS,  64, 

LMNULL, 

}; 


static  float  lm[]  =  { 
AMBIENT,  .1,  .1,  .1, 


LOCALVIEWER,  1, 
LMNULL 


}; 


Static  float  lt_front[]  =  { 
LCOLOR,  1.,  1.,  1-. 
POSITION,  0.,  0.,  1.,  0., 
LMNULL 

}; 


The  main  program  *********************/ 


main ( ) 

^  long  xsize.ysize;  /*  temp  space  for  window  size  */ 

float  xrot,yrot,B_yrot=0; 

short  val;  /*  temp  space  for  monitoring  input  */ 

int  dev;  /*  temp  space  for  input  device  */ 

int  sock, flag; 

int  i, j ,k,n, l,num[OBJNUM_TRU] ,r; 

float  a; 

char  name [80] ; 

FILE  *fp; 

fmfonthandle  fontl,  font25,  fontlS; 
char  fname0[80]; 

int  max_current_len,  move_type,  accept_reject; 


/*  setup  font  stuff  for  text  writitng  in  the  graphic  windows  */ 
fminit ( ) ; 

if  { (fontl=fmfindfont ("Times-Roman") )  ==  0) 
exit (1) ; 

font25  =  fmscalefont{fontl,25.0) ; 
fontlS  =  fmscalefont (fontl,  15.0); 
fmsetfont {font25) ; 

/*  Read  in  the  X29  surface  description  file  for  X29  display*/ 

sprintf (fnameO, ” /usr/people/spj /radar/plane .bin" ) ; 

flip_read(fname0, &flips [0] ) ; 
printf("Read  the  data  files  \n"); 

/*  open  windows  and  setup  graphics  environment  */ 

/****  This  window  shows  the  global  scene  simulation  ***/ 

noborder ( ) ; 

prefposition (0 , 600,500,750) ; 
mainwin  =  winopen("plane_track"); 

Imdef (DEFLIGHT,  1,  0,  lt_front); 

Imdef (DEFLMODEL,  1,  0,  NULL); 

Imdef (DEFMATERIAL,  1,  0,  dullmat); 

Imbind ( LMODEL ,  1) ; 
lmbind(LIGHT0,  1) ; 

Imbind ( MATERIAL ,1); 

qdevice(ESCKEY) ;  /*  monitor  for  ESC  key  to  exit  pgm 

RGBmode ( ) ; 
doublebuffer ( ) ; 
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gconfigO  ; 

lsetdepth{0,  0x7fffff) ; 
zbuffer (TRUE) ; 
mmode (MVI EWING) ; 
loadmatrix (Identity) ; 
getorigin(&xorigin,  Scyorigin)  ; 
getsize (&xsize, &ysize) ; 

ortho (-13000, 13000, -4000,7000, -13000, 13000) ; 
czclear (0x000000,  0x7fffff ) ; 
swapbuf  fers  ( )  ,- 


for(r=0;r<OBJNUM_TRU;  r++) { 

/****  Smaller  windows  for  showing  magnified  views  of  the  tracks 
to  emphasize  the  tracking  process  ******/ 

noborder ( ) ; 

prefposition (400, 600, 300-r*200, 500-r*200) ; 
smallwin [r]  =  winopen ( “magnif ied_track" ) ; 
winset ( smallwin [r] ) ; 

Imdef (DEFLIGHT,  1,  0,  lt_front); 

Imde  f ( DEFLMODEL ,  1 ,  0 ,  NULL ) ; 

Imdef (DEFMATERIAL,  1,  0,  dullmat) ; 
lmbind(LMODEL,  1) ; 
lmbind(LIGHT0,  1) ; 

Imbind (MATERIAL ,  1); 
qdevice(ESCKEY) ; 

■  RGBmode ( )  ; 
doublebuffer ( ) ; 
gconfig ( ) ; 

lsetdepth(0,  0x7fffff ) ; 
zbuffer (TRUE) ; 
mmode (MVIEWING) ; 
loadmatrix (Identity) ; 
getorigin (&xorigin, &yorigin) ; 

ortho  (  -OTHOX ,  OTHOX ,  -OTHOY ,  OTHOY ,  -OTHOZ ,  OTHOZ )  ; 
czclear (0x000000,  0x7fffff) ; 
swapbuf fers ( ) ; 


} 

/*  Initialize  the  socket  for  receiving  true  tracks  and  estimates 
from  the  maspar  program  for  simultaneous  display  of  results  */ 

sock  =  recvinit_p (1995) ; 
if (sock  ==  -1) 

printfC'Big:  Error  Socket  not  established\n" ) ; 
printfC'Big:  Socket  received  ..!!\n");  fflush(stdout) ; 

/***  Receives  the  complete  true  tracks  for  the  display  purpose  ***/ 

while  (recvmine(sock,&flag,sizeof (int) )  !=  1) ; 
swap_it (&f lag) ; 
if (flag  ==  1) 

{ 

for(r  =  0;  r  <  OBJNUM_TRU;  r++) 

{ 

for(i=0;i<  tracksize;  i++) 

{ 
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read_sock(sock,&track_read[3*r*tracksize+i] [X] , 
sizeof(float)); 

read_sock(sock,&track_read[3*r*tracksize+i] [Y] , 
sizeof ( float) ) ; 

read_sock{sock, &track_read[3*r*tracksize+i] [Z]  , 
sizeof (float) ) ; 

swap_it {&track_read [3*r*tracksize+i] [X] ) ; 
swap_it (&track_read[3*r*tracksize+i]  [Y] )  ; 
swap_it  (&;track_read[3*r*tracksize+i]  [Z]  )  ; 

} 

} 

read_sock(sock,&pitch[0] [0] ,OBJNUM_TRU*tracksize*sizeof (float) ) 
read_sock(sock,&yaw[0] [0] ,OBJNUM_TRU*tracksize*sizeof (float) )  ; 
read_sock(sock/&roll [0] [0] ,OBJNUM_TRU*tracksize*sizeof (float) ) ; 

for(r  =  0;  r  <  OBJNUM_TRU;  r++) 

{ 

for(i=0;i<  tracksize;  i++) 

{ 

swap_it (&pitch[r] [i] ) ; 
swap_it (&yaw[r] [i] ) ; 
swap_it (&roll [r] [i]); 

} 

} 


printf("Big:  Actual  Track  read  and  formattedXn" ) ; 

/***  Restructuring  the  data  to  match  the  display  routines  ***/ 

for(r=  0;  r<  OBJNUM_TRU;  r++) 

{ 

for ( i=0 ; i<tracksize-l ; i++ ) 

{ 

track[r] [i] [X]  =  (track_read[3*r*tracksize+i] [1] ) /lOO; 
track[r] [i] [Y]  =  (track_read[3*r*tracksize+i] [2] ) /lOO; 
track[r] [i] [Z]  =  (track_read[3*r*tracksize+i] [0] ) /lOO; 
trackl [r] [i] [X]  =  (track_read[3*r*tracksize+i]  [1] )  ; 
trackl [r] [i] [Y]  =  2 . 5* (track_read[3*r*tracksize+i] [2] ) ; 
trackl[r] [i]  [Z]  =  (track_read[3*r*tracksize+i] [0] )  ; 

} 

fclose ( fp) ; 

printfC'Big:  Reading  done\n“ ) ;  fflush(stdout) ; 

/*****  Initial  track  segment  *****/ 

trackl_est [r] [0]  [X]  =  trackl [r] [0] [X] ; 
trackl_est [r] [0]  [Y]  =  trackl [r] [0] [Y] ; 
trackl_est [r] [0] [Z]  =  trackl [r] [0] [Z] ; 
track_est [r] [0] [X]  =  track[r][0][X]; 
track_est [r] [0]  [Y]  =  track[r] [0] [Y] ; 
track_est [r] [0] [Z]  =  track[r] [0] [Z] ; 


/*  The  while  loop  which  executes  during  the  estimate  display  */ 
len_track  =  tracksize; 
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while  (MqtestO  &&  (dev=qread(&val) )  ==  ESCKEY  &&  val  —  0)) 

if {max_current_len  ==  1000  ) 
exit (1) ; 


J  -k  •kie'k 


Receiving  the  estimates  of  various  state  variables  across 
the  socket  from  the  mpp  estimator  *******/ 


if (max_current_len  <  tracksize  2) 

while  (recvmine  { sock,  Scnum_obj  ,  sizeof  (num_obj  )  )  !=  1)  ; 

swap_it (&num_obj ) ; 

read_sock{sock,&len_track,4)  ; 

swap_it (&len_track) ; 
read_sock  ( sock ,  &;move_type ,  4 ) ; 
swap_it (&move_type) ; 

read_sock(sock,&accept_reject,4)  ; 

swap_it (&accept_reject) ; 

for(r=0;r<n\am_obj;  r+  +  ) 

read_sock(sock,&current_len[r] ,  4) ; 

swap_it (&current_len [r] ) ; 
read_sock(sock,  inumCr] ,  4) ; 
swap_it (&num[r] ) ; 

} 


for{r=0;r<num_obj ;  r++) 

{ 

for (k=0 ; k<=63 ; k++ ) 

C 

for (i=0 ; i<3 ; i++) 

i:ead_sock  ( sock,  &a,  sizeof  ( float ) )  ; 

swap_it (&a) ; 

if(i  ==  0) 

trackl_est [r] [current_len[r] -num[r] +k] [X] 
=  (a  -  0*x_0[r]); 

track_est[r] [current_len [r] -num[r] +k] [X] 

=  (a-x_0[r3 ) /lOO; 

} 

else  if(i  ==  D 

trackl_est [r] [current_len[r] -niua[r] +k] [Y] 
=  (a  -  0*y_0[r] )*  2.5; 

track_est[r] [current_len[r] -num[r] +k] [Y] 

=  (a-y_0 [r] ) /lOO; 

} 

else 

trackl_est [r] [current_len[r] -num[r] +k] [Z] 
=  (a  -  0*z_0 [r] ) ; 

track_est[r] [current_len[r] -num[r] +k] [Z] 

=  (a-z_0[r])/100; 


} 
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max_current_len  =  max(current_len[0] ,current_len[l] ) 

if  (dev  ==  REDRAW) 

{ 

for {r=0;r<OBJNUM_TRU;  r++) 

{ 

winset (smallwin[r] )  ; 
winset {smallerwin[r] ) ; 
reshapeviewport ( )  ; 

} 

winset (ma inwin) ; 
reshapeviewport ( ) ; 

} 

/*  draw  in  main  window  */ 

winset (mainwin) ; 
dev  =  0; 
qreset ( ) ; 

czclear (0x000000,  0x7fffff ) ; 
pushmatrix ( )  ; 

/*****  Text  in  the  window  *****/ 

RGBcolor (0,255, 255 )  ; 
cmovi(-8000, 5500, 0)  ; 
fmprstr ( "MULTI-TARGET  TRACKING" )  ; 

fmsetfont {fontl5) ; 

RGBcolor (255, 255, 0)  ; 
cmovi (5700 , -2500 , 0 )  ; 

if (move_type  ==  3) 

fmprstr ( "TRACK  BIRTH" ) ; 
else  if(move_type  ==  1) 

fmprstr ( " SEGMENT  BIRTH " ) ; 
else  if (move_type  ==  2) 

fmprstr ( "SEGMENT  DEATH" ) ; 

if (accept_reject  ==  1) 

{ 

RGBcolor ( 0 , 255 , 0)  ; 
cmovi (5700,-3500,0)  ; 
fmprstr ( "ACCEPTED" )  ; 

} 

else  if (accept_reject  ==  2) 

{ 

RGBcolor (255 ,0,0); 
cmovi (5700,-3500,0)  ; 
fmprstr ( "REJECTED" )  ; 

} 

RGBcolor (128, 0,255) ; 
cmovi (-12000,-3000,0) ; 

if (num_obj  ==  0) 

fmprstr ( "TARGETS  =  0 " ) ; 
if  (niam_obj  ==  1) 

fmprstr ( "TARGETS  =  1  “ )  ; 
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if{niim_obj  ==  2) 

fmprstr ( "TARGETS  =  2 " )  ; 

fmsetfont (font25) ; 
xrot  =15; 

B_yrot  =  B_yrot  +  1 ; ; 
rot (xrot, 'x' ) ; 
rot {B_7rot, 'y ' ) ; 
drawtrack { ) ; 
drawgrid ( ) ; 
axes  ( )  ; 
popmatrix ( ) ; 
whitelinel ( ) ; 
swapbuf fers ( )  ; 

/*  draw  in  small  window  */ 

for{r=0;r<  OBJNUM_TRU;  r++) 

{ 

winset (smallwin[r] ) ; 
czclear(0x000000,  0x7fffff); 
pushmatrix { )  ; 

/*****  Text  in  the  window  *****/ 

fmsetfont (font 15)  ; 

RGBcolor( 0,255, 255) ; 

cmov (-1.2, 2. 0,0)  ; 

sprintf (name, "TRACK  %d",r+l); 

fmprstr (name) ; 

xrot  =  15; 

yrot  =  135; 

rot (xrot, 'x' )  ; 

rot (yrot, 'y ' ) ; 

axes2 ( ) ; 

drawsmallwin (r) ; 
popmatrix ( ) ; 
if(r  ==  OBJNUM_TRU  -2  ) 
whiteline2 ( ) ; 
swapbuf fers ( ) ; 


/*  End  of  loop  to  draw  magnified  tracks  in  snail  windows  */ 


/***********  q£  while  loop  for  estimate  display  ****/ 

} 

/**  End  of  the  main  program  *****/ 

/****************************************************************^*^^^^^^ 
/**********  The  subroutine  for  drawing  the  inertial  axes  system  in  the 
main  window  *****/ 

axes  ( ) 

{ 

float  x_axis [3] ,y_axis [3] , z_axis [3] ; 
float  origin[3]; 
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int  i,j,k; 
Object  axes; 


/*  naming  the  axes  */ 

cpack(OxFFFFFFFF) ; 

cmov(-4000, 0*200  +  vert_dov7n_shift,  0)  ; 
charstr{"X") ; 

cmov (0,4000  +  ver t_down_shi f t , 0 ) ; 
charstr ( "Y" ) ; 

cmov(0, 0*200  +  vert_dovm_shif t, -4000) ; 
charstr { "Z" ) ; 


/*  Draw  the  principal  axes  */ 
linewidthd)  ; 
cpack(0xFF8F00FF) ; 
origin [X]  =  origin [Z]  =  0.0; 
origin [Y]  =  0*200  +  vert_down_shift; 
x_axis[X]  =  z_axis[Z]  =  -4000.0; 
y_axis[Y]  =  4000  +  vert_down_shift; 
x_axis[Z]  =  2_axis [X]  =  0.0; 
y_axis[X]  =  y_axis[Z]  =  0.0; 
x_axis[Y]  =  0*200.0  +  vert_down_shift; 
z_axis[Y]  =  0*200.0  +  vert_down_shift; 


linewidthO)  ; 
makeobj (axes) ; 
bgnline ( ) ; 
v3f (origin) ; 
v3f (x_axis) ; 
endline ( ) ; 
tjgnline  ( )  ; 
v3f (origin) ; 
v3f (y_axis) ; 
endline ( ) ; 
bgnline ( ) ; 
v3f (origin) ; 
v3f (z_axis) ; 
endline ( ) ; 
closeobj ( ) ; 
cal lob j (axes) ; 


/***********************************************************************/ 
drawgrid ( ) 

{ 

int  i  ; 

float  point [3]; 

/*  draw  grid  at  ground  plane  */ 

linewidth (1) ; 
cpack(0xFF0F8800)  ; 
point [Y]  =  vert_down_shift ; 
for  (i=-BSIZE;  i<=BSIZE;  i+=500) 

{ 

bgnline ( ) ; 

point [X]  =  i; 
point [Z]  =  -BSIZE; 
v3f (point) ; 
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point [Z]  =  -point [Z] ; 
v3f (point) ; 
endline ( ) ; 

bgnline ( ) ; 

point [Z]  =  i; 
point [X]  =  -BSIZE; 
v3f (point) ; 
point [X]  =  -point [X] ; 
v3f (point) ; 
endline ( ) ; 

} 

/*  draw  radar  array  */ 

cpac]c(OxFFFFFFFF)  ; 

linewidth(5) ; 

for  (i=-2000;  i<=2000;  i+=500) 

{ 

bgnline ( ) ; 

point [Z]  =  i-75; 
point [X]  =  0; 
v3f (point ) ; 
point [Z]  =  i+75; 
v3f (point ) ; 
endline ( ) ; 

bgnline ( ) ; 

point [X]  =  i-75; 
point [Z]  =  0; 
v3f (point) ; 
point [X]  =  i+75; 
v3f (point) ; 
endline ( ) ; 

} 


} 

/*********************************************************************** ^ 
drawtracJc  ( ) 

{ 

int  i , r ; 

float  local  [trac]csize]  [3  ]  ; 
float  local_est [tracksize] [3 ]  ; 

for (r=0 ; r<OBJNUM_TRU;  r++ ) 

{ 

/*  true  track  */ 

linewidtii (3 )  ; 

if(r  ==  0) 

cpack(OxFFOOOOFF) ; 

else 

cpack(OxFFFFOOOO)  ; 
bgnline ( ) ; 

for  (i=l;  i<tracksize-l;  i++) 

{ 
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local [i][X]  =  trackl [r] [i] [X] ; 
local [i][Y]  =  trackl [r] [i] [Y] ; 
local [i][Z]  =  trackl [r] [i] [Z]  ; 
v3f (local [i] ) ; 

} 

endline ( ) ; 

/*  estimated  track*/ 

linewidth(2) ; 
cpack(OxFFOOFFFF) ; 
zfunction (ZF_ALWAYS) ; 

bgnline ( ) ; 

for  (i=l;  i<=current_len [r] ;  i++) 

{ 

local_est [i] [X]  =  trackl_est [r] [i] [X] ; 
local_est[i] [Y]  =  trackl_est [r] [i] [Y] ; 
local_est[i] [Z]  =  trackl_est [r] [i] [Z] ; 
v3  f ( local_est [ i ] ) ; 

} 

endline ( ) ; 

zfunction (ZF_LEQUAL) ; 


} 

} 

/******************************************************************/ 
drawsmallwin (int  r) 

{ 

int  i,k,n,l,j; 

float  local [size2+size2/2]  [3] ; 
float  local_est [size2] [3] ; 
float  scl=0.6; 

int  local_int , meanx, meany , meanz ; 

j  =  current_len [r] ; 
k  = - j /size2; 

if{j  <  (len_track/size2 ) *size2  II  (j  <  len_track-l) ) 
local_int  =  size2; 

else 

local_int  =  len_track  -  (len_track/size2) *size2; 

/******** **********True  ***************/ 


linewidth(5)  ; 
if(r  ==  0) 

cpack(OxFFOOOOFF)  ; 

else 

cpack(OxFFFFOOOO) ; 
bgnline ( ) ; 

if (local_int-l  <  size2) 

{ 

meanx  =  track[r] [k*size2+local_int/2-l] [X] ; 
meany  =  track [r] [k*size2+local_int/2-l] [Y] ; 
meanz  =  track[r] [k*size2+local_int/2-l] [Z] ; 

} 
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else 

{ 

meanx  =  track [r] [k*size2+size2/2] [X]  ; 
meany  =  track [r] [k*size2+size2/2] [Y]  ; 
meanz  =  track [r] [k*size2+size2/2] [Z]  ; 

} 


for { i=l; i<local_int ; i++) 

{ 

local [i][X]  =  track[r] [i+k*size2] 
local [i][Y]  =  track[r] [i+k*size2] 
local[i][Z]  =  tracktr] [i+k*size2] 
v3f (local [i] ) ; 


[X] 

-  meanx; 

[Y] 

-  meany; 

[Z] 

-  meanz; 

} 

endline ( ) ; 


/************  estimate  *****************/ 


linewidthO)  ; 
cpack(OxFFOOFFFF) ; 
zfunction (ZF_ALWAYS) ; 
bgnline { ) ; 

1  =  j+1; 

for (i=0; i< (l-k*size2) ;i++) 

{ 

local_est [i] [X]  =  track_est [r] [i+k*size2] 
local_est [i] [Y]  =  track_est [r] [i+k*size2] 
local_est [i] [Z]  =  track_est [r] [i+k*size2] 
v3 f ( local_est [ i ] ) ; 


} 

endline ( ) ; 

Z  function ( ZF_LEQUAL ) ; 


tx] 

-  meanx; 

[Y] 

-  meany; 

[Z] 

-  meanz; 

} 

axes2 { ) 

{ 

float  x_axis [3] ,y_axis [3] , z_axis [3] ; 
float  origin [3]; 
int  i,j,k; 

Object  axes; 

/*  naming  the  axes  */ 

cpack(OxFFFFFFFF) ; 
cmov(-1.0, 0*200  -0.0,0); 
charstr ( "X" ) ; 
cmov( 0,1.0  -0.0,0); 

charstr ( "Y" ) ; 

cmov(0, 0*200  -0.0  ,-1.0); 

charstr ( "Z" ) ; 

/*  Draw  the  principal  axes  */ 

linewidth(l) ; 
cpack(0xFF8F00FF) ; 
origin [X]  =  origin [Z]  =  0.0; 

origin[Y]  =  0*200  -0.0; 

x_axis[X]  =  z_axis[Z]  =  -1.0; 

y_axis[Y]  =  1.0  -0.0; 
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x_axis [Z] 
y_axis [X] 
x_axis [Y] 
z_axis [Y] 


=  2_axis[X]  =  0.0; 
=  y_axis[Z]  =  0.0; 
=  0*200.0  -0.0; 

=  0*200.0  -0.0; 


linewidth (3 ) ; 
makeobj (axes) ; 
bgnline ( ) ; 

v3f (origin) ; 
v3f (x_axis) ; 
endline ( ) ; 
bgnline ( ) ; 

v3f (origin) ; 
v3f (y_axis) ; 
endline ( ) ; 
bgnline ( ) ; 

v3f (origin) ; 
v3f (2_axis) ; 
endline ( ) ; 
closeobj ( ) ; 
callobj (axes) ; 


} 


/***********************************************************************/ 
int  swap_it (data) 
unsigned  char  *data; 

{ 

unsigned  char  cptr[2]; 


cptr [ 0 ]  =  data [ 0 ] ; 
cptr[l]  =  data[l]; 

data[0]  =  data [3]; 
data[l]  =  data[2]; 
data [2]  =  cptr[l]; 
data [3]  =  cptr[0]; 


} 

/*******************************★*********************************/ 
int  read_sock (sock,ptr, sz) 
int  sock,sz; 
char  *ptr ; 

{ 

int  rd=0; 
int  ret ; 

while  (rd  <  sz)  { 

ret  =  read(sock,ptr, sz-rd) ; 
if  (ret  <=  0)  return(ret); 
ptr  +=  ret; 
rd  +=  ret; 

} 

return (rd) ; 

} 

y***********************************************************************/ 
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int  whiteline2 ( ) 

{ 

int  i  ; 

float  vert[2][3]; 

linewidthO)  ; 
cpack(OxFFFFFFFF) ; 
bgnline { ) ; 

for (i=0 ; i<2 ; i++) 

{ 

vert[i] [X]  = 
vert[i] [Y]  = 
vert[i][Z]  = 
v3f (vert [i] ) ; 

} 

endline ( ) ; 

} 

int  whitelinel { ) 

{ 

int  i ; 

float  vert[2][3]; 

linewidth(2) ; 
cpack(OxFFFFFFFF) ; 
bgnline ( ) ; 

for ( i=0 ; i<2 ; i++) 

{ 

vert [i]  [X]  = 
vertti] [Y]  = 
vert [ i ] [ Z ]  = 
v3f (vert [i] ) ; 

} 

endline ( ) ; 


0.99*OTHOX; 
(2*i-l) *OTHOY; 
0; 


(2*i-l)*13000; 

-3900; 

0; 
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The  current  directory  is 


-atr/demo/faisalsrc 

This  directory  contains  routines  for  performing  orientation 
estimation  using  simulated  range  profile  data,  and  for  sending 
the  results  over  a  socket  connetction  to  a  display  program. 

The  estimation  is  performed  by  performing  a  local  search  over 
a  grid  of  pitch  and  yaw  angles,  using  a  dictionary  of  range 
profiles  which  have  been  simulated  for  each  orientation  in 
the  grid.  The  following  routines  are  contained  in  this  directory: 


PY_to_PE.m 

arc_angle.m 

f_init_jupiter .m 

f_initiali2e .m 

f ix_pitch_angle .m 
get_pitch.m 

get_pitch_prime .m 

get_yaw.m 

get_yaw _pr ime . m 

load_rp.m 
min2 . m 
nearest_rp .  m 
polar_to_cart .m 
round. m 
rp_dif f .m 
search. m 

simulate. m 
slope.m 

sg_chord.m 

trace. m 


converts  orientation  to  dictionary  address 
computes  the  angle  subtended  between  two 
points  on  the  unit  sphere 
loads  range  profile  dictionary  and 
establishes  local  socket  connection 
loads  range  profile  dictionary  and 
establishes  long-distance  socket  connection 
ensures  -180  <=  pitch  <  180 

2  angle  ->  3  angle  orientation  conversion 
returns  pitch  angle 

3  angle  ->  2  angle  orientation  conversion 
returns  pitch  angle 

2  angle  ->  3  angle  orientation  conversion 
returns  yaw  angle 

3  angle  ->  2  angle  orientation  conversion 
returns  yaw  angle 

loads  individual  range  profiles 
minimiam  of  2  floats 

point  on  sphere  ->  nearest  grid  point 
polar  coordinates  ->  cartesian 
rounds  float  to  int 

summed  square  difference  between  range  profiles 
performs  local  search  over  orientation  grid 
calls  other  routines  including  trace 
extracts  observed  range  profile  from  library 
computes  gradient  of  likelihood  surface 
between  two  grid  points 

computes  chord  length  between  two  points 
on  the  unit  sphere 

performs  local  search  over  orientation  grid 


See  the  source  code  for  further  comments. 
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/* 

Author:  Mohammad  Faisal 

Given  2  angle  orientation  of  the  target  plane,  this  routine  locates 
the  PE  and  the  memory  depth  where  the  corresponding  dictionary  range 
profile  is  located.  The  mapping  from  the  2  angles  to  the  PE  nximber  and 
memory  depth  is  one-to-one. 

*/ 

#include  <stdio.h> 

# include  <math.h> 

#include  "faisalheader.h" 

void  PY_to_PE  { f_pitch,  f_yaw,  sum_pitch_vect ,  nxaro_yaw,  delta_yaw, pitch_vect ,  \ 
delta_pitch_vect ,  rp_per_layer ,  proc_n\im,  mem,  bins ) 

float  *f_pitch, *f_yaw, *delta_yaw, *delta_pitch_vect; 

int  *num_yaw,  *sum_pitch_vect ,  *pitch_vect,  *rp_per_layer,  *proc_num,  \ 
*bins,*mem; 


int  rp_num , yaw_index ; 

if  ( round (* f_y aw  /  *delta_yaw)  <  0)  { 

yaw_index  =  round ( fabs (*f_y aw)  /  *delta_yaw) ;  /*  start  0  */ 
rp_num  =  *  (siim_pitch_vect  +  *num_yaw  -1);  /*  start  1  */ 
if  (yaw_index  >  1) 

rp_num  +=  * (sum_pitch_vect+yaw_index-l)  -  *pitch_vect ; 

} 

else  { 

yaw_index  =  round (*f_yaw  /  *delta_yaw) ; 
if  (yaw_index  >  0) 

rp_num  =  *  (sum_pitch_vect+yaw_index-l) ; 
else 

rp_num  =  0  ,- 


if  (round (*f_pitch  /  * (delta_pitch_vect+yaw_index) )  <  0)  { 
rp_num  +=  ( * (pitch_vect+yaw_index)  +  l)/2; 

rp_num  +=  round (fabs (*f_pitch)  /  * (delta_pitch_vect+yaw_index) ) ; 

} 

else 

rp_num  +=  round (*f_pitch  /  * (delta_pitch_vect+yaw_index) ) +1; 

*mem  =  (rp_num-l)  /  *rp_per_layer;  /*  start  0  */ 

*proc_ntam  =  (  (rp_niim-l)  %  ■  *rp_per_layer)  *  *bins;  /*  start  0  */ 
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/* 

Author":  Mohamrnad  Faisal 

Given  a  pair  of  points  on  the  sphere,  this  routine  computes  the  arc  angle 
between  the  two  points  assuming  a  unit  radius  sphere. 


In  this  routine  variable  names  containing  pitch  implies  the  elevation  of  the 
sphere  and  yaw  implies  the  azimuth  of  the  sphere  which  should  not  be 
confused  with  the  pitch  and  yaw  angles  of  the  target  plane. 


#include  <stdio.h> 
♦include  "math.h" 

♦include  "grad_search.h“ 
♦include  "faisalheader .h" 


float  arc_angle (pitchl , yawl , pitch2 ,yaw2 ) 
float  *pitchl . *yawl , *pitch2 , *yaw2 ; 

return(2.0  *  asin(sqrt (sq_chord(pitchl,yawl,pitch2,yaw2) ) /2.0)  \ 

*  360.0  /  (2.0  *  PI) ) ; 

} 
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/* 

Author:  Mohammad  Faisal 

This  is  the  initialization  routine  for  estimating  the  orientation  of  the 
target  plane  given  a  range  profile  representing  the  data  for  the 
orientation  to  be  estimated  and  a  given  a  dictionary  of  range  profiles 
of  the  target  plane.  The  target  plane  used  is  the  X29. 

This  subroutine  can  load  the  individual  simulated  noiseless  range 
profiles  generated  by  the  software  called  XPATCH,  and  once  loaded, 
can  save  them  as  a  binary  file  for  fast  loading.  Whether  to  lead  the 
range  profiles  individually  from  XPATCH  output  files  or  from  pre-stored 
binary  file  is  determined  by  the  variable  RP_IN_DICT. 

It  opens  a  socket  connection  to  an  SGI  machine  for  displaying  the 
estimated  orientations.  Several  other  variables  are  initialized  and  several 
data  structures  are  computed  to  be  used  during  the  estimation. 

All  angles  are  in  degrees. 

Number  of  range  bins  in  a  range  profile  must  be  equal  or  laess  than  nproc. 
-90  <=  yaw  <=90 
-180  <=  pitch  <  180 
-180  <=  roll  <=  180 

*/ 

#include  <stdio.h> 

# include  <math.h> 

#include  <mpl.h> 

#include  <mpipl.h> 

# include  "grad_search.h" 

#include  <stdlib.h> 

#include  <fcntl.h> 

#include  <sys/stat.h> 

#include  <sys/file.h> 

#include  <sys/types .h> 

# include  <ppeio.h> 

#include  "faisalheader .h" 

void  f_init_jupiter ( ) 

{ 

extern  int  close (int); 

visible  extern  int  sendinit_jupiter ( ) ; 

extern  int  num_yaw, count , bins, total_num_rp, rp_per_layer, layers,  \ 
p_count , y_count , mem, proc_num, are_rps_a_f ile , want_to_save_dict , \ 
rp_count , f d; 

extern  int  *pitch_vect, *sum_pitch_vect,k; 

extern  char  dir_name [200] , data_f ilename [200] , rp_dict_f ilename [200] ,  \ 
dummy_string [200]; 

extern  float  init_pitch, init_yaw,delta_yaw, f. pitch. f  vaw. dummy , val ,  \ 
found_pitch_prime, found_yaw_prime, init_roll, init_pitch_prime,  \ 
init_yaw_prime,  found_pitch,  found_yaw; 
extern  float  *delta_pitch_vect ; 

extern  float  true_pitch , true_yaw , true_roll , true  pitch  prime , true  vaw  prime ; 

extern  int  true_proc_num, true_mem; 

extern  plural  float  *rp_dictionary, *f_data; 

/*  Variable  for  socket  comm.  */ 
extern  int  f_sock; 

/*  Open  socket  */ 
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f_sock  =  callRequest (sendinit_jupiter,4,1989) ; 
if  {f_sock  ==  -1)  { 

printf ("socket  error  THESEUS  socket  error\n"); 
exit (1) ;  } 

else  printf ("THESEUS:  socket  has  been  openedXn"); 
num_yaw  =  DISCRETIZE_PAR1; 

/*  Dynamically  allocate  memory  */ 

pitch_vect  =  (int  *)  malloc (num_yaw*sizeof ( int) ) ; 
sum_pitch_vect  =  (int  *)  malloc (num_yaw*si2eof ( int) ) ; 
delta_pitch_vect  =  (float  *)  malloc (nx3m_yaw*sizeof  (int) )  ; 

printf ("Done  allocating  memoryXn"); 

delta_yaw  =  90 . 0/ (num^aw-1)  ; 

k  =  DISCRETIZE_PAR2 ; 

for  (count=0; count <num_yaw;++count)  { 
if  (count  <  (num_yaw-l)) 

* (pitch_vect+count)  =  round(k  *  cos (delta_yaw  *  count  *  2.0  *  PI  \ 

/  360.0)); 

else 

* (pitch_vect+count)  =  1; 
if  (count==0)  { 

*sum_pitch_vect  =  *pitch_vect; 

} 

else  { 

* (sum_pitch_vect+count)  =  * (sum_pitch_vect+count-l)  +  \ 

* (pitch_vect+count) ; 

} 

* (delta_pitch_vect+count)  =  360.0  /  * (pitch_vect+count) ; 

) 

total_num_rp  =  (2  *  * (sum_pitch_vect+num_yaw-l) )  -  *pitch_vect; 
bins  =  NUM_BINS; 
are_rps_a_file  =  RP_IN_DICT; 

rp_per_layer  =  nproc  /  bins; 

layers  =  ceil ((( float)  total_num_rp)  /  ((float)  rp_per_layer) ) ; 

/*  Dynamically  allocate  memory  to  store  range  profile  dictionary  */ 
rp_dictionary  =  (plural  float  *)  p_malloc (layers*sizeof (float) ) ; 

printf ("Ready  to  load  diet ionary \n" ) ; 

/*  loading  dictionary  in  PEs  */ 
if  (are_rps_a_f ile)  { 

/*  Range  profile  dictionary  already  exists  as  one  file  on  disk. 

Load  it  in  memory  */ 
sprint f (rp_dict_filename,  \ 

" /recognition/people/atr/demo/faisalsrc/data/x29_data/x29_dict . float" ) 
fd  =  open (rp_dict_f ilename, 0_RD0NLy, 0) ; 
if  (iproc  <  (rp_per_layer  *  bins)) 

p_read(fd,rp_dict ionary, layers  *  4) ; 
close (fd) ; 

} 

else  { 

/*  Range  profile  dictionary  does  not  exist  as  one  file  on  disk. 
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Load  them  one  by  one  using  the  range  profile  file  naming  convention  */ 
printf ( "Enter  directory  name  for  dictionary?  "); 
scanf ("%s\n",dir_name) ; 

count  =  0 ; 
f _yaw  =  0.0; 

(y_count=0;y_count<num_yaw;++y_co\int)  { 
f_pitch  =0.0; 

for  (p_count=0;p_count< ( (* (pitch_vect+y_count) +1) /2) ;++p_count)  { 

PY_to_PE  ( &f_pitch,  S:f_yaw,  sum_pitch_vect ,  &:num_yaw,  &delta_yaw,  \ 
pitch_vect , delta_pitch_vect , &rp_per_layer ,  \ 

&proc_num, &mem, &bins ) ; 

load_rp (&f_pitch,  &f_yaw, &mem, &proc_num, dir_name, &bins , rp_dictionary ) ; 

if  (y_count  >  0)  { 
f_yaw  =  -f_yaw; 

PY_to_PE  (&f_pitch,  &f_yaw,  sum_pitch_vect ,  &num_yaw,  &delta_yaw,  \ 
pitch_vect ,  delta_pitch_vect ,  &:rp_per_layer ,  \ 

S:proc_num,  &mem,  &bins)  ; 

load_rp  {&f_pitch,  &:f_yaw,  &mem, &proc_niam,  dir_name,  &bins,  rp_dictionary ) ; 
f_yaw  =  -f_yaw; 

} 

f_pitch  +=  * (delta_pitch_vect+y_count) ; 

} 

f_pitch  =  - (* (delta_pitch_vect+y_count) ) ; 

for  (p_count=0;p_count< {* (pitch_vect+y_count) /2) ;++p_count)  { 

PY_to_PE  (&f_pitch,  &f_yaw,  sum_pitch_vect ,  &num_yaw,  &delta^aw,  \ 
pitch_vect , delta_pitch_vect , &rp_per_layer ,  \ 

S:proc_n\am,  &mem,  &bins )  ; 

load_rp (&f_pitch, &f_yaw, &mem, &proc_num, dir_name,  Scbins , rp_dict ionary ) ; 

if  (y_count  >0)  { 
f_yaw  =  -f_yaw; 

PY_to_PE  ( &f_pitch,  &f_yaw,  sum_pitch_vect ,  &num_yaw,  &delta_yaw,  \ 
pitch_vect , delta_pitch_vect , &rp_per_layer ,  \ 

&proc_num, &mem, &bins ) ; 

load_rp  {&f_pitch,  &f_yaw,  tmem,  S:proc_num,  dir_name ,  Sbins ,  rp_dict ionary )  ; 
f_yaw  =  -f_yaw; 

} 

f_pitch  -=  * (delta_pitch_vect+y_count) ; 

} 

f_yaw  +=  delta_yaw; 

} 

printf ("Do  you  want  to  save  dictionary  of  range  profiles  as  a  "); 

printf ("file  [1/0]?  "); 

scanf ( "%s\n" , &want_to_save_dict)  ; 

if  (want_to_save_dict)  { 

/*  Save  range  profile  dictionary  on  disk  */ 
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printf ( "Enter  dictionary  filename?  "); 
scant ( "%s\n" , rp_dict_f ilename) ; 

fd  =  open{rp_dict_filename,0_TRUNCIO_CREAT|0_RDWR, 0644)  ; 

if  (iproc  <  (rp_jper_layer  *  bins)) 

p_write (fd, rp_dict ionary , layers  *  4); 
close ( fd) ;  . 


} 

} 

printf ("Done  loading  dictionary\n" ) ; 
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/* 

Author:  Mohammad  Faisal 

This  is  the  initialization  routine  for  estimating  the  orientation  of  the 
target  plane  given  a  range  profile  representing  the  data  for  the 
orientation  to  be  estimated  and  a'  given  a  dictionary  of  range  profiles 
of  the  target  plane.  The  target  plane  used  is  the  X29. 

This  subroutine  can  load  the  individual  simulated  noiseless  range 
profiles  generated  by  the  software  called  XPATCH,  and  once  loaded, 
can  save  them  as  a  binary  file  for  fast  loading.  Whether  to  lead  the 
range  profiles  individually  from  XPATCH  output  files  or  from  pre-stored 
binary  file  is  determined  by  the  variable  RP_IN_DICT. 

It  opens  a  socket  connection  to  an  SGI  machine  for  displaying  the 
estimated  orientations.  Several  other  variables  are  initialized  and  several 
data  structures  are  computed  to  be  used  during  the  estimation. 

All  angles  are  in  degrees. 

Number  of  range  bins  in  a  range  profile  must  be  equal  or  laess  than  nproc. 
-90  <=  yaw  <=  90 
-180  <=  pitch  <  180 
-180  <=  roll  <=  180 


# include 
# include 
# include 
# include 
# include 
#include 
# include 
# include 
#include 
# include 
# include 
# include 


<stdio .h> 
<math.h> 

<mpl .h> 

<mpipl . h> 
"grad_search.h" 
<stdlib.h> 
<fcntl.h> 
<sys/stat .h> 
<sys/file.h> 
<sys / types .h> 
<ppeio.h> 

" f aisalheader . h" 


void  f_initialize ( ) 

{ 

extern  int  close ( int ); 

visible  extern  int  sendinit_Rome_Iris ( ) ; 

extern  int  num_yaw, count , bins, total_num_rp, rp_per_layer, layers,  \ 
p_count , y_count ,  mem,  proc_num,  are_rps_a_f  ile ,  want_to_save_dict ,  \ 
rp_count, fd; 

extern  int  *pitch_vect, *sum_pitch_vect,k; 

extern  char  dir_name [200] , data_f ilename [200] , rp_dict_f ilename [200] ,  \ 
dummy_string [200] ; 

extern  float  init_pitch, init_yaw,delta_yaw, f_pitch, f_yaw, dummy, val,  \ 
found_pitch_prime, found_yaw_prime, init_roll, init_pitchjprime,  \ 
init_yaw_prime, found_pitch, found_yaw; 
extern  float  *delta_pitch_vect; 

extern  float  true_pitch, true_yaw, true_roll, true_pitch_prime, true_yaw_prime; 

extern  int  true_proc_nxim,  true_mem; 

extern  plural  float  *rp_dictionary , *f_data; 

/*  Variable  for  socket  comm.  */ 
extern  int  f_sock; 

/*  Open  socket  */ 
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f_sock  =  callRequest (sendinit_Rome_Iris,4, 1989) ; 
if  (f_sock  ==  -1)  { 

printf ( "socket  error  THESEUS  socket  error\n"); 
exit(l);  } 

else  printf { "THESEUS:  socket  has  been  openedXn"); 
num_yaw  =  DISCRETIZE_PAR1 ; 

/*  Dynamically  allocate  memory  */ 

pitch_vect  =  (int  *)  malloc  (niim_yaw*sizeof  (int) )  ; 
sum_pitch_vect  =  {int  *)  malloc (num_yaw*sizeof (int) ) ; 
delta_pitch_vect  =  (float  *)  malloc (num_yaw*si2eof (int) ) ; 

delta_yaw  =  90 . 0/ (num_yaw-l) ; 

k  =  DISCRETIZE_PAR2; 

for  {count=0;count<num_yaw;++count)  { 
if  (count  <  {num_yaw-l)) 

* (pitch_vect+count)  =  round (k  *  cos (delta_yaw  *  count  *  2.0  *  PI  \ 

/  360.0)); 

else 

* (pitch_vect+count)  =  1; 
if  (count==0)  { 

*sum_pitch_vect  =  *pitch_vect; 

} 

else  { 

* {sum_pitch_vect+count)  =  * {sum_pitch_vect+count-l)  +  \ 

* (pitch_vect+count) ; 

* (delta_pitch_vect+count)  =  360.0  /  * (pitch_vect+count ) ; 

} 

total_num_rp  =  (2  *  * (sum_pitch_vect+num_yaw-l) )  -  *pitch_vect ; 
bins  =  NUM_BINS; 
are_rps_a_f ile  =  RP_IN_DICT; 

rp  per  layer  =  nproc  /  bins ; 

layers  =  ceil (({ float)  total_num_rp)  /  ((float)  rp_per_layer) ) ; 

/*  Dynamically  allocate  memory  to  store  range  profile  dictionary  */ 
rp_dictionary  =  (plural  float  *)  p_malloc (layers*sizeof (float) ) ; 

/*  loading  dictionary  in  PEs  */ 
if  {are_rps_a_f ile)  { 

/*  Range  profile  dictionary  already  exists  as  one  file  on  disk. 

Load  it  in  memory  */ 
sprint f {rp_dict_filename,  \ 

•*  /I'scognit  ion  /people  /atr  /  demo  /  faisalsrc/  data  /  x2  9 _ ^data  /  x2  9 — ^dict .  float  ) 

f d  =  open ( rp_dict_f i lename , 0_RD0NLY , 0 ) ; 
if  (iproc  <  (rp_per_layer  *  bins)) 

p_read(fd,rp_dict ionary, layers  *  4) ; 
close (fd) ; 

} 

else  { 

/*  Range  profile  dictionary  does  not  exist  as  one  file  on  disk. 

Load  them  one  by  one  using  the  range  profile  file  naming  convention  */ 
printf { "Enter  directory  name  for  dictionary?  "); 
scanf ("%s\n",dir_name) ; 
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count  =  0; 
f  _yaw  =0.0; 

for  {y_count=0;y_count<num_yaw;++y_count)  { 
f__pitch  =  0.0; 

for  (p_count=0;p_count< ( (* {pitch_vect+y_count) +1) 12) ;++p_count)  { 

PY_to_PE  (&f_pitch,  fi:f_yaw,  suin_pitch_vect ,  &nuin_yaw,  &delta_yaw,  \ 
pitch_vect , delta_pitch_vect , &rp_per_layer ,  \ 

&proc_nuin,  &inem,  &bins )  ; 

load_rp  ( &f_pitch,  &f_yfaw,  Sdnem,  &proc_n\im,  dir_name ,  &bins ,  rp_dictionary )  ; 

if  (y_count  >0)  { 
f_yaw  =  -f_yaw; 

PY_to_PE  ( &f_pitch,  &f_yaw,  sim_jpitch_vect ,  &nuin_yaw,  &delta_yaw,  \ 
pitch_vect , delta_pitch_vect , &rp_per_layer ,  \ 

&proc_nxim,  &mein,  &bins)  ; 

load_rp  {&f_pitch,  S:f_yaw,  &mem,  &proc_num,  dir_name ,  &bins ,  rp_dictionarY) 
f_yaw  =  -f_yaw; 

} 

f_pitch  +=  * (delta_pitch_vect+y_count) ; 

} 

flitch  =  -  (*  (delta_pitch_vect+y_count) )  ; 

for  (p_count=0;p_count< {* (pitch_vect+y_count) /2) ;++p_count)  { 

PY_to_PE  (&f_pitch,  S:f_yaw,  suin_pitch_vect,  &nuin_yaw,  &delta_yaw,  \ 
pitch_vect, delta_pitch_vect, &rp_per_layer,  \ 

&proc_num,  &mein,  &bins )  ; 

load_rp  (&f_pitch,  &f_yaw,  &inem,  &proc_nuin, dir_naine,  Sbins ,  rp_dict ionary )  ; 

if  (y_count  >0)  { 
f_yaw  =  -f_yaw; 

PY_to_PE  (&:f_pitch,  &f_yaw,  suin_pitch_vect ,  &nuni _yaw,  &delta_yaw,  \ 
pitch_vect , delta_pitch_vect , &rp_per_layer ,  \ 

&proc_nuin,  fijnem,  &bins ) ; 

load_rp  (S:f_pitch,  &f_yaw,  &mem,  &:proc_num,  dir_name,  &bins,  rp_dict  ionary ) 
f_yaw  =  - f  yaw ; 

} 

f_pitch  -=  * (delta_pitch_vect+y_count) ; 

} 

f_yaw  +=  delta_yaw; 


printf("Do  you  want  to  save  dictionary  of  range  profiles  as  a  "); 

printf("file  [1/0]?  "); 

scanf ( "%s\n" , &want_to_save_dict)  ; 

if  (want_to_save_dict)  { 

/*  Save  range  profile  dictionary  on  disk  */ 
print f ( "Enter  dictionary  filename?  "); 
scanf ( "%s\n" , rp_dict_filename) ; 
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fd  =  open(rp_dict_filenaine,O_TRUNCIO_CREATIO_RDWR,0644)  ; 

if  (iproc  <  (rp_per_layer  *  bins)) 

p_write(fd,rp_dict ionary,  layers  *  4)  ; 
close(fd); 

} 

} 

} 
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/* 

Author:  Mohammad  Faisal 

Given  a  pitch  angle  for  the  orientation  of  the  plane,  this  routine 
returns  an  angle  representing  the  given  angle  but  within  the  range 
-180  <=  pitch  <  180. 

*/ 

#include  <stdio.h> 

# include  <math.h> 

#include  "faisalheader .h" 

void  fix_pitch_angle (pitch) 

float  *pitch; 


if  (‘pitch  <  -180.0)  { 

‘pitch  =  fmod(‘pitch, 360 . 0) ; 
if  (‘pitch  <  -180.0) 

‘pitch  +=  360.0; 

} 

else 

if  (‘pitch  >=  180.0)  { 

‘pitch  =  fmod(‘pitch, 360 . 0) ; 
if  (‘pitch  >=  180.0) 

‘pitch  -=  360.0; 

} 

} 
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/* 

Author:  Mohammad  Faisal 

Given  the  2  angle  orientation  of  the  plane  and  the  roll  (3  angle) ,  this 
routine  returns  the  pitch  (3  angle) . 

*/ 

#include  <stdio.h> 
tinclude  <math.h> 

#include  "grad_search.h" 
tinclude  " faisalheader .h“ 

float  get_pitch (yaw_prime , pitch_prime , roll ) 
float  *yaw_prime, *pitch_prime, *roll; 


{ 

float  tl,t2,  t3,t4,t5,t6,t7,t8,n^lm,den,p; 

tl  =  sin(*roll  *  D_to_R_scale) ; 
t2  =  sin(*yaw_prime  *  D_to_R_scale) ; 
t3  =  cos(*roll  *  D_to_R_scale) ; 
t4  =  sin(*pitch_prime  *  D_to_R_scale) ; 
t5  =  cos ( *yaw_prime  *  D_to_R_scale) ; 

t6  =  cos (get_yaw{yaw_prime,pitch_prime, roll)  *  D_to_R_scale) ; 

n\am  =  ((-(tl)  *  t2)  +  (t3  *  t4  *  t5))/t6; 

tl  =  cos {*pitch_prime  *  D_to_R_scale) ; 
t8  =  cos ( *yaw_prime  *  D_to_R_scale) ; 

den  =  (t7  *  t8)/t6; 

p  =  atan2 (num, den)  *  R_to_D_scale; 
fix_pitch_angle{&p) ; 
return (p) ; 

} 
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/* 

Author:  Mohaitimad  Faisal 

Given  the  3  angle  orientation  of  the  plane,  this  routine  returns  the 
pitch  (2  angle) . 

*/ 


#include  <stdio.h> 

#include  <math.h> 

# include  ''grad_search.h" 

#include  "faisalheader.h” 

float  get _pitch_prime (yaw, pitch, roll) 

float  *yaw, *pitch, *roll; 


{ 

float  num,den, tl, t2,t3,t4,t5,t6,t7,t8,pitch_p; 

tl  =  sin(*roll  *  D_to_R_scale) ; 
t2  =  sin(*yaw  *  D_to_R_scale) ; 
t3  =  cos(*roll  *  D_to_R_scale) ; 
t4  =  sin(*pitch  *  D_to_R_scale) ; 

t5  =  cos(*yaw  *  D_to_R_scale) ; 

t8  =  cos (get_yaw_prime (yaw, pitch, roll)  *  D_to_R_scale) ; 

num  =  ((tl  *  t2)  +  (t3  *  t4  *  t5))/t8; 

t6  =  cos(*pitch  *  D_to_R_scale) ; 

tl  =  cos(*yaw  *  D_to_R_scale) ; 

den  =  (t6  *  t7)  /  t8; 

pitch_p  =  atan2 (num, den)  *  R_to_D_scale; 
f ix_pitch_angle (&pitch_p) ; 

return (pitch_p) ; 

} 
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/* 

Author:  Mohammad  Faisal 

Given  the  2  angle  orientation  of  the  plane  and  the  roll  (3  angle) ,  this 
routine  returns  the  pitch  (3  angle) . 

*/ 

#include  <stdio.h> 

# include  <math.h> 

# include  "grad_search.h" 

♦include  "faisalheader .h” 

float  get_yaw {yaw_prime , pitch_prime , roll ) 

float  *yaw_prime, *pitch_prime, *roll; 

{ 

float  tl,t2,t3,t4,t5; 

tl  =  cos(*roll  *  D_to_R_scale) ; 
t2  =  sin(*yaw_prime  *  D_to_R_scale) ; 
t3  =  sin(*roll  *  D_to_R_scale) ; 
t4  =  sin(*pitch_prime  *  D_to_R_scale) ; 
t5  =  cos ( *yaw_prime  *  D_to_R_scale) ; 

return (as in ( (tl  *  t2)  +  (t3  *  t4  *  t5) )  *  R_to_D_scale) ; 

} 
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/* 

Author:  Mohammad  Faisal 

Given  the  3  angle  orientation  of  the  plane,  this  routine  returns  the 
yaw  (2  angle) . 

*/ 

#include  <stdio.h> 

♦include  <math.h> 

♦include  "grad_search.h“ 

♦include  " faisalheader .h" 

float  get_yaw_prime (yaw, pitch, roll) 

float  *yaw, ‘pitch, *roll; 


{ 

float  tl,t2,t3,t4,t5; 

tl  =  cos (‘roll  ‘  D_to_R_scale) ; 
t2  =  sin  (‘yaw  ‘  D_to_R_scale)  ,- 
t3  =  sin(‘roll  *  D_to_R_scale) ; 
t4  =  sin(‘pitch  ‘  D_to_R_scale) ; 
t5  =  cos (‘yaw  *  D_to_R_scale) ; 

return(asin( (tl  ‘  t2)  -  (t3  ‘  t4  ‘  t5))  ‘  R_to_D_scale) ; 

} 
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/* 

Author:  Mohammad  Faisal 

This  routine  loads  individual  range  profiles  from  files  generated  by 
the  software  XPATCH  and  stores  them  in  the  PE  array.  A  pre-defined 
,  file  naming  convention  is  assumed  for  the  XPATCH  range  profile  files. 
*/ 

#include  <stdio.h> 
ttinclude  <string.h> 

#include  <math.h> 
tinclude  "grad_search.h" 

#include  <mpl . h> 

# include  "faisalheader.h" 

void  load_rp  (pitch, yaw, mem, proc_num, dir_naine, bins ,  rp_dict ionary ) 

float  *pitch, *yaw; 

int  *mem, *proc_num, *bins ; 

char  *dir_name; 

plural  float  * rp_dict ionary; 


{ 

char  *  f  i  1  ename ,  *  f  i  1  ename_t  emp ,  *  t  emp ,  *  di  r_name_t  emp  ; 
FILE  *fp; 

float  dummy , pitch_3dp , yaw_3dp ; 
float  val; 
int  count; 

filename  =  (char  *)  malloc (200 )  ; 
f ilename_temp  =  (char  *)  malloc (200); 
temp  =  (char  *)  malloc(lOO); 
dir_name_temp  =  (char  *)  malloc (200); 

pitch_3dp  =  *pitch  -  fmod ( *pitch, 0 . 001)  ; 
if  (pitch_3dp  >  0.0) 

sprintf (temp, “/Pp%.3f " ,pitch_3dp)  ; 
if  (pitch_3dp  <  0.0) 

sprintf (temp, “ /Pm%  .3f " , fabs (pitch_3dp) ) ; 
if  (pitch_3dp  ==  0.0) 

sprintf (temp, " /Pz% . 3f " ,pitch_3dp) ; 
strcpy ( dir_name_temp , dir_name )  ; 
filename_temp  =  strcat  (dir_name_t emp,  temp)  ; 

yaw_3dp  =  *yaw  -  fmod ( *yaw, 0.001)  ; 
if  (yaw_3dp  >  0.0) 

sprint  f ( temp , " _Yp% . 3  f . range " , yaw_3  dp ) ; 
if  (yaw_3dp  <  0.0) 

sprintf (temp, "_Ym% . 3f .range" , fabs (yaw_3dp) ) ; 
if  (yaw_3dp  ==0.0) 

sprintf (temp, "_Yz%.3f .range" ,yaw_3dp) ; 
filename  =  strcat (filename_temp, temp) ; 

fp  =  fopen ( filename, "r" ) ; 
if  (fp  ==  NULL)  { 

printf ( "COULD  NOT  OPEN  %s\n" , filename) ; 
exit (1) ; 

} 

for  (count=0;count<SKIP;++count)  { 
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fscanf (fp, "%s\n" , f ilename_temp) ; 

} 

for  (count=0;count<*bins;++count)  { 

fscanf  (fp,  "%f  %f  %f  %f  %f  %f\n'\&duiTimy,&duiW/&<3uininy,&val,&dvnnmy,S:duinrny)  ; 
proc  [ *proc_num]  .rp_dictionary  [*mem]  =  powdO.O,  (val/10.0)  )  ; 

++ ( *proc_num) ; 

} 

f close (fp) ; 

free (filename) ; 
free (filename_temp) ; 
free (temp) ; 
free (dir_name_temp) ; 
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/* 

Author:  Mohammad  Faisal 

This  routine  returns  the  minimum  of  the  two  given  float  numbers. 

*/ 

#include  <stdio.h> 

#include  "faisalheader .h" 

float  min2(xl,x2) 

float  *xl,*x2; 

{ 

float  min; 

min  =  *xl ; 
if  (*x2  <  min) 
min  =  *x2; 
return (min) ; 
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/* 

Author:  Mohammad  Faisal 

Given  an  arbitrary  point  on  the  sphere,  this  routine  returns  the  2  angle 
nearest  grid  point.  The  nearest  grid  point  is  one  which,  with  the  given 
arbitrary  point,  subtends  the  smallest  arc  angle. 

In  this  routine  variable  names  containing  pitch  implies  the  elevation  of  the 
sphere  and  yaw  implies  the  azimuth  of  the  sphere  which  should  not  be 
confused  with  the  pitch  and  yaw  angles  of  the  target  plane 

*/ 

#include  <stdio.h> 

#include  <math.h> 

#include  "faisalheader.h" 

void  nearest_rp( float  pitch, float  yaw,  float  *nearest_pitch,  \ 
float  *nearest_yaw, int  *num_pitch,  \ 
float  *delta_yaw_vect ,  float  *delta_pitch) 


struct  yaw_node  { 
float  pitch; 
float  left_yaw; 
float  right_yaw; 
float  left_arc; 
float  right_arc; 

} ; 

struct  yaw_node  *yaw_node_ptr; 

int  pitch_sign,yaw_sign,  low_pitch_index,high_pitch_index; 
float  min_arc; 

if  (pitch  <  0.0) 
pitch_sign  =  -1; 
else 

pitch_sign  =  1; 

if  (yaw  <  0.0) 
yaw_sign  =  -1; 
else 

yaw_sign  =  1; 

pitch  =  fabs (pitch) ; 
yaw  =  fabs (yaw) ; 

yaw_node_ptr  =  (struct  yaw_node  *)  malloc (*num_pitch  *  \ 
sizeof (struct  yaw_node) ) ; 

/*  first  find  2  yaw  points  above  and  2  below  */ 
low_pitch_index  =  round ( (pitch- fmod (pitch, *delta_pitch) ) /  \ 

*delta_pitch) ; 

if  (low_pitch_index  <  (*num_pitch  -  1)) 
high_pitch_index  =  low_pitch_index  +  1; 
else 

high_pitch_index  =  low_pitch_index; 

yaw_node_ptr[low_pitch_index] .pitch  =  low_pitch_index  *  *delta_pitch; 
yaw_node_ptr[  low jpitch_index]  .left_yaw  =  yaw- fmod  (yaw,  \ 

delta_yaw_vect [low_pitch_index] ) ; 
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yaw_node_ptr  [low_pitch_index]  .right^aw  =  \ 

yaw_node_ptr  tlow_pitch_index]  .left_yaw  +  delta_yaw_vect  [low_pitch_index] 
yaw_node_ptr tlow_pitch_ind€x] . left_arc  =  \ 

arc_angle  (&pitch,  &yaw,  &  (yaw_node_ptr  [low_pitch_index]  .pitch) ,  \ 

&  (yaw_node_ptr [low_pitch_index] .left_yaw) ) ; 
yaw_node_ptr [low_pitch_index] .right_arc  =  \ 

arc_angle  (&pitch,  &yaw,  &  (yaw_node_ptr  [low_pitch_index]  .pitch)  ,  \ 
&(yaw_node _ptr  [low_pitch_index]  .right^aw)  )  ; 

yaw_node_ptr  [high_pitch_index]  .pitch  =  high_pitch_index  *  \ 

*delta_pitch; 

yaw_node_ptr  [high_pitch_index]  .left_yaw  =  yaw- f mod  (yaw,  \ 
delta_yaw_vect [high_pitch_index] )  ; 
yaw_node_ptr  [high_pitch_index]  .right_yaw  =  \ 
yaw_node_ptr  [high_pitch_index]  .  left_yaw  +  \ 
delta_yaw_vect [high_pitch_index] ; 
yaw_node_ptr [high_pitch_index] . left_arc  =  \ 

arc_angle  (&pitch,  &yaw,  &  (yaw_node_ptr  [high_pitch_index]  .pitch)  ,  \ 

&  (yaw_node_ptr  [high_pitch_index]  .left_yaw) )  ; 
yaw_node_ptr [high_pitch_index] .right_arc  =  \ 

arc_angle  (Spitch,  &yaw,  &  (yaw_node_ptr  [high_pitch_index]  .pitch)  ,  \ 

&  (yaw_node_ptr  [high_pitch_index]  .right_yaw)  )  ; 

/*  find  the  closest  of  the  four  yaw  points  */ 
min_arc  =  yaw_node_ptr[low_pitch_index].left_arc; 

*nearest_pitch  =  yaw_node_ptr  [low_pitch_index]  .pitch; 

*nearest_yaw  =  yaw_node_ptr  [low_pitch_index]  .  lef t_yaw; 
if  (min_arc  >  yaw_node_ptr (low_pitch_index] .right_arc)  { 
min_arc  =  yaw_node_ptr [low_pitch_indexl .right_arc; 

*nearest_yaw  =  yaw_node_ptr  [low_pitch_index]  .right_yaw; 

} 

if  (min_arc  >  yaw_node_ptr  [high_pitch_index]  .  left_arc)  { 
min_arc  =  yaw_node_ptr  [high_pitch_index]  .left_arc; 

*nearest_pitch  =  yaw_node_ptr [high_pitch_index] .pitch ; 

*nearest_yaw  =  yaw_node_ptr  [high_pitch_index]  .  left_yaw; 

} 

if  (min_arc  >  yaw_node_ptr  [high_pitch_index]  .right_arc)  { 
min_arc  =  yaw_node_ptr [high_pitch_index] .right_arc; 

*nearest_pitch  =  yaw_node_ptr  [high_pitch_index]  .pitch, • 

*nearest_yaw  =  yaw_node_ptr  [high_pitch_index]  .right_yaw; 

} 

/*  search  more  yaw  point  pairs  for  increasing  pitch  angles  */ 
while  ( (high_pitch_index  <  (*num_pitch  -  1))  \ 

({ (yaw_node_ptr[high_pitch_index]  .pitch  -  pitch)  +  *delta_pitch)  <  \ 
min_arc) )  { 

++high_pitch_index; 

yaw_node_ptr[high_pitch_index]  .pitch  =  high_pitch_index  *  \ 

*deltajpitch; 

yaw_node_ptr  [high_pitch_index]  .left_yaw  =  yaw-fmod(yaw,  \ 
delta_yaw_vect [high_pitch_index] ) ; 
yaw_node_ptr  [high_pitch_index]  .right_yaw  =  \ 
yaw_node_ptr  [high_pitch_index]  .left_yaw  +  \ 
delta_yaw_vect [high_pitch_index] ; 
yaw_node__ptr  [high_pitch_index]  .left_arc  =  \ 

arc_angle  (&pitch,  &yaw,  &  (yaw_node_ptr  [high_pitch_index]  .pitch)  ,  \ 

& (yaw_node_ptr [highjpitch_index] .left_yaw) ) ; 
yaw_node_ptr  [high_pitch_index]  .right_arc  =  \ 

arc_angle  (&pitch, &yaw,  &  (yaw_node_ptr [high_pitch_index]  .pitch)  ,  \ 
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&  (yaw_node_ptr  [high_pitch_index]  .right__yaw)  )  ; 

if  (min_arc  <  min2 {& (yaw_node_ptr [high_pitch_index] . lef t_arc) ,  \ 

& (yaw_node__ptr [high_pitch_index] .right_arc) ) ) 

break ; 
else  { 

min_arc  =  yaw_node_ptr [high_pitch_index] . left_arc; 

*nearest_pitch  =  yaw_node_ptr [high__pitch_index] .pitch; 
*nearest_yaw  =  yaw_node_ptr [high_pitch_index] . lef t_yaw; 
if  (min_arc  >  yaw_node_ptr [high_pitch_index] .right_arc)  { 
min_arc  =  yaw_node_ptr [high_pitch_index] . right_arc; 

*nearest_yaw  =  yaw_node_ptr [high_pitch_index] .right_yaw; 

} 

} 

} 

/*  search  more  yaw  points  pairs  for  decreasing  pitch  angles  */ 
while  ( { low_pitch_index  >  0)  &&  \ 

{{(pitch  -  yaw_node_ptr [low_pitch_index] .pitch)  +  *delta_pitch)  <  \ 
min_arc ) )  { 

- - low_pitch_index ; 

yaw_node_ptr [low_pitch_index] .pitch  =  low_pitch_index  *  \ 

*delta_pitch; 

yaw_node_ptr [low_pitch_index] . lef t_yaw  =  yaw-fmod{yaw,  \ 
delta_yaw_vect [low_pitch_index] ) ; 
yaw_node__ptr  [low_pitch_index]  .right _yaw  =  \ 
yaw_node_ptr [low_pitch_index] . left_yaw  +  \ 
delta_yaw_vect [low_pitch_index] ; 
yaw_node_ptr [low_pitch_index] . lef t_arc  =  \ 

arc_angle {&pitch, &yaw, & {yaw_node_ptr [low__pitch_index] .pitch) ,  \ 
&{yaw_node_ptr[low_pitch_index] .left_yaw) ) ; 
yaw_node_ptr [low_pitch_index] .right_arc  =  \ 

arc_angle {&pitch, &yaw, & {yaw_node_ptr [low_pitch_index] .pitch) ,  \ 

& {yaw_node_ptr [low_pitch_index] . right _yaw) ) ; 

if  {min_arc  <  min2 {& {yaw_node_ptr [low_pitch_index] . left_arc) ,  \ 

& {yaw_node_ptr [low_pitch_index] .right_arc) ) ) 

break; 
else  { 

min_arc  =  yaw_node_ptr [low_pitch_index] .left_arc; 

*nearest  _pitch  =  yaw_node_ptr[low_pitch_index] .pitch; 

*nearest_yaw  =  yaw_nodejitr [low_pitch_index] . left_yaw; 
if  {min_arc  >  yaw_node_ptr [low_pitch_index] .right_arc)  { 
min_arc  =  yaw_node_ptr [low_pitch_index] .right_arc; 

*nearest_yaw  =  yaw_node_ptr [low_pitch_index] .right_yaw; 

} 

} 

} 


/*  take  care  of  the  signs  for  pitch  and  yaw  */ 

*nearest_pitch  *=  pitch_sign; 

*nearest_yaw  *=  yaw_sign; 

/*  take  care  of  yaw  =  180  . .  change  it  to  -180  */ 

/*  sometimes  yaw  comes  out  to  be  360  or  -360  rather  than  0  so  fix  that 
f ix_pitch_angle {nearest_yaw) ; 


free {yaw_node_ptr) ; 
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/* 

Author:  Mohammad  Faisal 

Given  a  point  on  the  unit  sphere,  this  routine  computes  the  cartesian 
coordinates  of  that  point . 

In  this  routine  variable  names  containing  pitch  implies  the  elevation  of  the 
sphere  and  yaw  implies  the  azimuth  of  the  sphere  which  should  not  be 
confused  with  the  pitch  and  yaw  angles  of  the  target  plane. 

*/ 

tinclude  <stdio.h> 

#include  <math.h> 

# include  "grad_search.h" 

#include  "faisalheader .h" 

void  polar_to_cart (pitch, yaw, x,y, z) 

float  *pitch, *yaw, *x, *y, *z; 


{ 

float  p_radians , y_radians ; 

p_radians  =  *pitch  *  2  *  PI  /  360.0; 
y_radians  =  *yaw  *  2  *  PI  /  360.0; 

*x  =  cos (p_radians)  *  cos (y_radians) ; 
*y  =  cos (p_radians)  *  sin (y_radians) ; 
*z  =  sin(p_radians) ; 

} 
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/* 

Author:  Mohammad  Faisal 

Given  a  floating  point  number,  this  routine  returns  the  nearest  rounded 
integer . 

*/ 

#include  <stdio.h> 

#include  <math.h> 
tinclude  "faisalheader.h" 

int  round (float  x) 


if  ( (x  -  floor (x))  <  0.5) 
return ( floor (x) ) ; 
else 

return (ceil (x) ) ; 
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/* 

Author:  Mohammad  Faisal 


Given  a  grid  point  on  the  sphere  and  the  range  profile  data,  this  routine 
computes  the  mean  squared  error  between  the  range  profile  data  and  the 
dictionary  range  profile  corresponding  to  the  grid  point. 


#include  <stdio.h> 
tinclude  <mpl.h> 

#include  " faisalheader .h" 

float  rp_diff  {pitch, yaw,  rp_dictionary,  f_data,  s\jm_pitch_vect,num_yaw,  \ 
delta^aw,  pitch_vect ,  delta_pitch_vect ,  rp_per_layer ,  \ 
bins) 

float  *pitch,  *yaw,  *delta_yaw,  *delta_pitch_vect; 
plural  float  *rp_dictionary , *f_data; 

int  *sum_pitch_vect,  *num_yaw,  *pitch_vect,  *rp_per_layer ,  *bins; 


{ 

int  proc_num,mem; 
plural  float  sq_d; 

PY_to_PE  (pitch, yaw,  sum_pitch_vect,nuin_yaw,delta_yaw,pitch_vect,  \ 
delta_pitch_vect , rp_per_layer , &proc_num, imem, bins ) ; 

if  ((iproc  >=  proc_num)  &&  (iproc  <  (proc_num  +  *bins)))  { 
sq_d  =  *f_data  -  rp_dictionary [mem] ; 
sq_d  *=  sq_d; 

return (reduceAddf (sq_d) ) ; 

} 

} 
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/* 

Author:  Mohammad  Faisal 

■pjiis  j-Qutine  uses  an  initial  guess  of  the  orientation  of  the  target  plane 
(in  3  angles)  and  calls  another  routine  to  perform  gradient  based  search 
to  estimate  the  orientation  of  the  target  plane  using  range  profile  data 
and  range  profile  dictionary.  The  initial  guess  of  the  orientation  is 
also  sent  over  the  socket  to  the  SGI  for  visualization. 


All  angles  are  in  degrees. 

Number  of  range  bins  in  a  range  profile  must  be  equal  or  laess  than  nproc. 
-90  <=  yaw  <=  90 
-180  <=  pitch  <  180 
-180  <=  roll  <=  180 


# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 
# include 


<stdio.h> 

<math . h> 

<mpl .h> 

<mpipl . h> 

" grad_search . h “ 
<stdlib.h> 
<fcntl .h> 
<sys/stat .h> 
<sys/f ile .h> 

< sys/ types .h> 
<ppeio.h> 

• f aisalheader . h" 


void  search ( ) 

{ 

extern  int  close (int); 

visible  extern  int  sendinit_Rome_Iris ( ) ; 

extern  int  num  vaw, count /bins /total _ num_ip , xp_per — layer, layers/  \ 

p_count , y_count , mem , proc_num , are_rps_a_f  ile, want_to_save_dict ,  \ 
rp_count , f d; 

extern  int  *pitch_vect, *sum_pitch_vect,k; 

extern  char  dir_name[200] ,data_filename[200] ,rp_dict_filename[200] ,  \ 

dummy_string [200] ; 

extern  float  init_pitch,  init_yaw,delta_yaw,  f_pitch,  f^aw,dumrry,yal,  \ 
found_pitch_prime, f ound_yaw_prime, init_roll ,  init_pitch_prime,  \ 
init  yaw  prime, f ound  p i t ch , f ound_v aw ,  found_roll; 
extern  float  *delta_pitch_vect , typ, tpp, f lag, zl,  z2  ; 

extern  float  true_pitch, true_yaw, true_roll , true_pitch_prime , true_yaw_prime ; 
extern  int  true_proc_num, true_mem; 
extern  unsigned  char  test_flag; 

extern  plural  float  *rp_dictionary, *f_data,noise_re,noise_im; 
extern  FILE  *fp; 

/*  Variable  for  socket  comm.  */ 
extern  int  f_sock; 

/*  send  initial  guess  of  orientation  over  the  socket  to  SGI  */ 

write { f_sock,  &test_flag,  1); 

write(f_sock,  &init_pitch,  4) ; 

write (f_sock,  &init_yaw,  4) ; 

write(f_sock,  &init_roll,  4)  ; 

/*  reduce  initial  guess  of  orientation  from  3  angles  to  2  angles  */ 
init_yaw_prime  =  get_yaw_prime (&init_yaw, &init_pitch,  S:init_roll) ; 
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xnit_pitch_priine  =  get_pitch_priine  (&init_yaw,  &;init_pitch, &init_roll)  ; 
/*  Gradient  search  begins  */ 

trace  (f_data,  rp_dictionary,  S:init_pitch_prime,  &;init_yaw_prime,  \ 
&found_pitch_prime,  \ 

&;f o\ind_yaw_^rime ,  &bins ,  &delta_yaw,  &niim_yaw,  delta_pitch_vect ,  \ 
suin__pitch_vect,pitch_vect,&rp_per_layer,  f_sock, &init_roll)  ; 

/*  expand  estimated  orientation  from  2  angles  to  3  angles  */ 
found_pitch  =  get_pitch (&found_yaw_prime, &found_pitch_prime,  \ 

&init_roll) ; 

found_yaw  =  get_yaw(S:found_yaw_prime,&;found_pitch^rime,  \ 

&init_roll) ; 
found_roll  =  init_roll; 

) 
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/* 

Author:  Mohammad  Faisal 

This  routine  locates  in  PE  memory  the  dictionary  range  profile  corresponding 
to  the  true  orientation  of  the  plane  and  sends  it  over  the  socket  to  the 
SGI  for  visualization.  It  also  uses  this  range  profile  as  the  data 
range  profile  which  is  used  to  estimate  the  true  orientation  of  the  target. 
Since  the  true  orientation  of  the  target  plane  may  not  lie  on  a  grid  point 
within  the  2  angle  orientations  space  (true  orientation  is  specified  in 
3  angles  and  then  reduced  to  2  angles)  the  nearest  grid  point  is  selected. 

All  angles  are  in  degrees. 

Number  of  range  bins  in  a  range  profile  must  be  equal  or  laess  than  nproc. 
-90  <=  yaw  <=  90 
-180  <=  pitch  <  180 
-180  <=  roll  <=  180 

*/ 

# include  <stdio.h> 
tinclude  <math.h> 
ttinclude  <mpl.h> 

#include  <mpipl . h> 

#include  "grad_search.h" 

#include  <stdlib.h> 
tinclude  <fcntl.h> 

#include  <sys/stat.h> 
iinclude  <sys/file.h> 

#include  <sys /types .h> 

#include  <ppeio.h> 

#include  "faisalheader.h* 

# inc lude  " . . / inc lude /param . h " 

#include  ” . . /include/main.h" 

void  simulate (int  first_time) 

{ 

extern  int  close ( int ); 

visible  extern  int  sendinit_Rome_Iris ( ) ; 

extern  int  num_yaw, count , bins, total_n\im_rp, rp_per_layer, layers,  \ 
p_count , y_count ,  mem,  proc_num,  are_rps_a_f  ile ,  want_to_save_dict ,  \ 
rp_count , f d; 

extern  int  *pitch_vect,  *sxjm_pitch_vect,  k; 

extern  char  dir_name [200] , data_f ilename [200] , rp_dict_f ilename [200]  ,  \ 
dummy_string [200] ; 

extern  float  init_pitch, init_yaw,delta_yaw,  f_pitch, f_yaw, dummy, val,  \ 
f  ound_pitch_prime ,  f  ound_yaw_prime ,  init_roll ,  init_pitch_prime ,  \ 
init_yaw_prime,  found_pitch,  found_yaw,* 
extern  float  *delta_pitch_vect , typ, tpp, f lag, zl, z2; 

extern  float  true_pitch, true_yaw, true_roll , true j>itch_prime , true_yaw_prime ; 

extern  int  true_proc_num, true_mem; 

extern  plural  float  *rp_dictionary, *f_data; 

extern  FILE  *fp; 

/*  Variable  for  socket  comm.  */ 
extern  int  f_sock; 

unsigned  char  newflag; 

/*  print  the  true  orientation  angles  of  the  plane  for  which  range  profile 
data  is  to  be  simulated  */ 

printf  ( "Sllil:  TRUTH:  %0.3f  %0.3f  %0 . 3f  \n" ,  true_pitch.  true  vaw.true  roll); 


/*  send  true  orientation  over  the  socket  */ 
newflag  =  5; 

/*  Sending  True  Orientations  over  the  sokcet  to  the  SGI  for  visualization  */ 

printf { "Sending  True  Orientations  over  the  sokcet  \n“); 

write{f_sock,  &newflag,  1) ; 

write (f_sock,  &true_pitch,  4); 

write (f_sock,  &true_Yaw,  4); 

write  ( f_sock,  &:true_roll,  4)  ; 

/*  s\imulating  data  */ 

printf ( "Simulating  data  ...\n"); 

f_data  =  (plural  float  *)  p_malloc (sizeof (float) ) ; 

typ  =  get_yaw_prime(&true_yaw,&;true_pitch,&true_roll)  ; 
tpp  =  get_pitch_prime(&true_yaw,&true_pitch,&true_roll)  ; 
printf ( "Truth  in  2  angles : [pitch  yaw]  =  %f  %f \n" , tpp, typ) ; 

/*  find  nearest  grid  point  in  the  2  angle  orientation  space  corresponding 
to  the  2  angle  true  orientation  */ 
near est_rp  (typ,  tpp,  &true_yaw_prime,  &true_pitch_prime,  \ 

&n\am_yaw,  delta_pitch_vect ,  &delta_yaw)  ; 
printf ("Grid  point  nearest  truth: [pitch  yaw]  =  %f  %f\n",  \ 
true_pitch_prime,  true_yaw_prime)  ; 
printf ( "Three  angle  conversion:  [pitch  yaw  roll]  =  %f  %f  %f\n", 
get_pitch(&true_yaw_prime, &true  _pitch_prime, &true_roll) , 
get_yaw(&true_yaw_prime,  &:true_pitch_prime,  S:true_roll)  ,true_roll)  ; 


/*  locate  the  PE  and  memory  depth  where  corresponding  dictionary  range 
profile  is  located  */ 

PY_to_PE  ( &true_pitch_prime ,  &;true_yaw _prime ,  sum_pitch_vect ,  &num_yaw,  &delta_yaw, 

\ 

pitch_vect, delta _pitch_vect, &rp_per_layer, &true_proc_num,  \ 

&true_mem, &bins) ; 

printf  ("True  range  profile  locator:  [proc_niam  depth]  %d  %d\n" ,  \ 
true_proc_num, true_mem) ; 


write ( f_sock,  tnewflag,  1); 

for  (count  =  0,-count<bins;++count)  { 

val  =  proc  [true_proc_num+count]  .rp_dictionary  [true_mem]  ; 

/*  send  noiseless  range  profile  corresponding  to  nearest  grid  point 
to  the  true  orientation 
over  the  socket  */ 

write (f_sock,  &val,  4); 

for  (rp_count=0 ;  rp_count<rp_per_layer;  ++rp_count )  { 
proc [count + (rp_count  *  bins) ] . f_data [0]  =  val; 

} 

} 

} 
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/* 

Author:  Mohammad  Faisal 

Given  a  pair  of  points  on  the  sphere,  this  routine  returns  the  gradient 
of  the  likelihiid  surface  of  the  sphere  interpolated  between  the  two 
points.  The  chord  length  between  the  two  points  is  used  to  divide  the 
difference  of  the  surface  values  at  the  two  points  to  compute  the 
gradient . 

*/ 

#include  <stdio.h> 
tinclude  <math.h> 

#include  <mpl.h> 
tinclude  "faisalheader .h“ 

float  slope(pitchl,yawl,diff ,pitch2,yaw2,  \ 

rp_dictionary ,  f_data,  sum_pitch_vect,num_yaw,delta_yaw, 
pitch_vect ,  delta_pitch_vect ,  rp_jper_layer ,  bins ) 

float  *pitchl, *yawl, *diff , *pitch2,  *yaw2; 
float  plural  *rp_dictionary , *f_data; 
float  *delta_yaw, *delta jiitch_vect ; 

int  *sxam_pitch_vect, *num_yaw, *pitch_vect, *rp_per_layer, *bins; 


{ 

float  diff2,chord; 

diff2  =  rp_dif  f  (pitch2  ,yaw2 ,  rp_dictionary,  f_data,  sum_pitch_vect ,  \ 
nxim_yaw, delta_yaw, pitch_vect , delta_pitch_vect ,  \ 
rp_per_layer,bins) ; 

chord  =  sqrt ( sq_chord (yawl , pitchl , yaw2 , pitch2 ) ) ; 
return ( (diff2  -  *diff ) /chord) ; 

} 
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/* 

Author:  Mohammad  Faisal 

Given  a  pair  of  points  on  the  sphere,  this  routine  returns  the  chord  length 
between  the  two  points  assuming  a  unit  radius  sphere. 

In  this  routine  variable  names  containing  pitch  implies  the  elevation  of  the 
sphere  and  yaw  implies  the  azimuth  of  the  sphere  which  should  not  be 
confused  with  the  pitch  and  yaw  angles  of  the  target  plane. 


#include  <stdio.h> 
tinclude  "faisalheader.h" 

float  sq_chord ( pit chi , yawl , pitch2 ,yaw2 ) 

float  *pitchl , *yawl , *pitch2 , *yaw2 ; 


{ 

float  xl,yl, zl,x2,y2, z2,dl,d2,d3; 

polar_to_cart (pitchl,yawl , &xl , &yl, &zl) ; 
polar_to_cart (pitch2,yaw2 , &x2 , &y2,&z2)  ; 

dl  =  xl-x2; 
d2  =  yl-y2; 
d3  =  zl-z2; 

return ((dl  *  dl)+(d2  *  d2)+(d3  *  d3)); 

} 
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/* 

Author:  Mohammad  Faisal 

This  routine  performs  the  gradient  based  search  given  a  range  profile 
dictionary,  range  profile  data  corresponding  to  the  target  plane,  and 
an  initial  guess  to  the  orientation  of  the  target  plane  to  estimate  the 
true  orientation.  The  2  angle  surface  over  which  the  search  is  performed 
is  a  sphere,  whose  elevation  represents  the  2  angle  yaw  and  whose  azimuth 
represents  the  2  angle  pitch.  A  fixed  number  of  gradient  based  diffusions 
are  performed  determined  by  the  variable  NUM_DIFF .  The  sphere  is 
discretized  and  each  point  corresponds  to  a  2  angle  orientation  with  an 
associated  surface  value  equal  to  the  mean  square  error  between  the 
noiseless  dictionary  range  profile  corresponding  to  the  point  and  the 
range  profile  data. 

All  angles  are  in  degrees. 

Number  of  range  bins  in  a  range  profile  must  be  equal  or  laess  than  nproc. 
-90  <=  yaw  <=  90 
-180  <=  pitch  <  180 
-180  <=  roll  <=  180 


♦include  <stdio.h> 

♦include  <math.h> 

♦include  <mpl.h> 

♦  include  '•grad_search.h“ 

♦include  "faisalheader .h" 

void  trace (f_data,rp_dictionary,init_pitch,init_yaw,found_pitch,  \ 
f ound_yaw, bins ,  delta_yaw,  niim_yaw,  delta_pitch_vect ,  \ 
sum_pitch_vect , pitch_vect , rp_per_layer , f_sock, expanded_roll ) 

float  plural  *f_data, *rp_dict ionary ; 

float  *found_pitch, *found_yaw, *rp_per_layer; 

float  *init_pitch, *init_yaw, *delta_yaw, *delta_pitch_vect ; 

int  *num_yaw, *sum_pitch_vect, *pitch_vect, f_sock, *bins; 

float  *expanded_roll; 


float  left_pitch,left_yaw,right_jpitch,right_yaw,  \ 

top_pitch, top_yaw,bottom_pitch,bottom_yaw, diff ,min_slope,  \ 
next_pitch,  next_yaw,  next_slope,  expanded_yaw,  expanded^itch; 
int  y aw_index ,  count ,  proc_num ,  mem ,  di  f  f _count ; 
float  val; 

FILE  *fp; 

unsigned  char  test_flag  =  5; 

/*  find  nearest  grid  point  in  the  orientation  space  to  the  initial  guess 
of  the  target  plane  */ 

nearest_rp ( *init_yaw, *init _pitch, found_yaw, found_pitch, niam_yaw,  \ 
delta_pitch_vect,delta_yaw) ; 

/*  expand  the  orientation  corresponding  to  the  nearest  grid  point  from 
2  angles  to  3  angles  */ 

expanded_yaw  =  get_yaw(found_yaw, found_pitch,expanded_roll) ; 
expanded_pitch  =  get_pitch(found_y^aw,found_pitch,expanded_roll) ; 

diff  =  rp_diff (found_pitch, found_yaw,rp_dictionary, f_data,  \ 
sum_pitch_vect , num_yaw, delta_yaw, pitch_vect ,  \ 
delta_pitch_vect , rp_per_layer , bins ) ; 
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/*  locate  the  PE  and  memory  depth  where  corresponding  dictionary  range 
profile  is  located  */ 

PY_to_PE  ( f ound_pitch,  f  ound_yaw,  sum_pitch_vect ,  ninn_yaw,  delta_yaw,  \ 

pitch_vect ,  delta_pitch_vect ,  rp__per_layer ,  &proc_num,  &mem,  bins )  ; 

/*  send  3  angle  orientation  corresponding  to  nearest  grid  point 

to  the  initial  guess  via  socket  to  SGI.  This  orientation  is  displayed 
as  corresponding  to  the  initial  guess  since  we  don't  have  the 
range  profile  corresponding  to  the  initial  guess  */ 
write(f_sock,  &:test_flag,  1)  ; 
write (f_sock,  &expanded_pitch,  4); 
write  (f_sock,  &;expanded_yaw,  4); 
write (f_sock,  expanded_roll,  4) ; 

/*  perform  gradient  based  search  using  fixed  number  of  diffusions  */ 
for  (diff_count  =  O;diff_count  <  NUM_DIFF;  dif f_count++)  { 

/*  if  not  at  pole  of  sphere*/ 

if  ((*found_yaw  !=  90.0)  &&  (*found_yaw  !=  -90.0))  { 
left_yaw  =  right_yaw  =  *found_yaw; 
yaw_index  =  round ( fabs ( *found_y aw) /  *delta_yaw) ; 
left_pitch  =  *found_pitch  -  delta_pitch_vect [yaw_index] ; 
fix_pitch_angle (&left_pitch) ; 

right_pitch  =  *found_pitch  +  delta_pitch_vect [yaw_index] ; 
fix_pitch_angle (&right_pitch) ; 

top_yaw  =  *found_yaw  +  *delta_yaw; 

yaw_index  =  round ( fabs (top_y aw) /  *delta_yaw) ; 

top_pitch  =  round ( *found_pitch/delta_pitch_vect [yaw_index] )  \ 

*  delta_pitch_vect [yaw_index] ; 
f ix_pitch_angle (&top_pitch) ; 

bottom_yaw  =  *found_yaw  -  *delta_yaw; 

yaw_index  =  round ( fabs (bottom_yaw) /  *delta_yaw) ; 

bottom_pitch  =  round ( *found_pitch/delta_pitch_vect  [yaw_index] )  \ 

*  delta_pitch_vect [yaw_index] ; 
f ix_pitch_angle (&bottom_pitch) ; 

min_slope  =  slope ( found_pitch, found_yaw, &diff,  6ctop_pitch,  \ 

&top_yaw, rp_dict ionary , f_data , sum_pitch_vect ,  \ 
num_yaw, delta_yaw, pitch_vect , delta_pitch_vect ,  \ 
rp_per_layer , bins ) ; 
next_pitch  =  top_pitch; 
next_yaw  =  top_yaw; 

next_slope  =  slope {found_pitch, found_yaw, &diff,  &;bottom_pitch,  \ 

&bottom_yaw, rp_dict ionary , f_data, sum_pitch_vect ,  \ 
num_yaw, delta_yaw, pitch_vect , delta_pitch_vect ,  \ 
rp_per_lay er , bins ) ; 

if  (next_slope  <  min_slope)  { 
min_slope  =  next_slope; 
next_pitch  =  bottom_pitch; 
next_yaw  =  bottom_yaw; 

} 

/*  do  not  compute  left  gradient  if  left  point  is  the  same  as  current  */ 
if  (left_pitch  1=  *found_pitch)  { 

next_slope  =  slope (found_pitch, foundj^aw, &diff, &left_pitch,  \ 
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&;left_yaw,  rp_dictionary,  f_data,  suin_pitch_vect,  \ 
mim  yaw. delta  vaw,pitch_vect, delta_pitch_vect,  \ 
rp_per_layer,bins) ; 

if  (next_slope  <  inin_slope)  { 
inin_slope  =  next_slope; 
next_pitch  =  left_pitch; 
next_yaw  =  left_yaw; 

} 

} 

/*  do  not  compute  right  gradient  if  right  point  is  the  same  as  current  */ 
if  (right_pitch  i=  *found_pitch)  { 

next_slope  =  slope {found_pitch, found_yaw, &diff , bright _pitch,  \ 

&right_yaw,rp_dictionary, f_data,sum_pitch_vect,  \ 

num_yaw, delta_yaw, pitch_vect , delta_pitch_vect ,  \ 
rp_per_layer,bins) ; 

if  (next_slope  <  min_slope)  { 
min_slope  =  next_slope; 
next_pitch  =  right^itch; 
next_yaw  =  right_yaw; 

} 

} 

} 

/*  if  at  pole  of  the  sphere  */ 
else  { 

next_pitch  =  right_pitch  =  0.0; 
if  {*found_yaw  ==  90.0) 

next_yaw  =  90.0  -  *delta_yaw; 
else 

next  yaw  =  -90.0  +  *delta_yaw; 

inin_slope  =  slope ( found_pitch, found_yaw, Sdiff , &next_pitch,  \ 

&next_yaw, rp_di ct ionary , f_data, sum_pitch_vect,  \ 
num_yaw, delta_yaw, pitch_vect , delta_pitch_vect ,  \ 

rp__per_layer,bins) ; 

for  (count=0;count< (pitch_vect [*num_yaw-2] -1) ;++count)  { 
right_pitch  +=  delta_pitch_vect  [*niim_yaw-2]  ; 
fix_pitch_angle(&right_pitch) ; 

next_slope  =  slope ( found_pitch, found_yaw, idiff, &right_pitch,  \ 

&next_yaw, rp_dictionary , f_data, sum_pitch_vect ,  \ 

num__yaw,delta_yaw,pitch_vect, delta_pitch_vect,  \ 

rp_per_layer , bins ) ; 
if  (next_slope  <  min_slope)  { 
min_slope  =  next_slope; 
next_pitch  =  right_pitch; 

} 


if  (min_slope  >=0.0)  { 

/*  expand  the  newly  selected  grid  point  at  the  end  of  the  diffusion 
from  2  angles  to  3  angles  */ 

expanded_yaw  =  get_yaw(found_yaw, found_pitch,expanded_roll) ; 
expanded  j>itch  =  getj>itch(found_yaw,found_pitch,expanded_roll) ; 
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/*  send  this  intermediate  estimate  of  the  orientation  over  the  socket 
to  the  SGI  for  visualization  */ 
write (f_sock,  &test_flag,  1) ; 
write (f_sock,  &expanded_pitch,  4); 
write (f_sock,  &expanded_yaw,  4) ; 
write (f_sock,  expanded_roll,  4); 

/*  send  noiseless  range  profile  corresponding  to  new  estimate 
via  socket  */ 

( f ound_pitch, f ound_yaw, sum_pitch_vect , num  vaw. delta_yaw,  \ 
pitch_vect , delta_pitch_vect , rp_per_layer , &proc_num, &mem, bins)  ; 
if  (diff_count  ==  NUM_DIFF  -  1)  { 
write(f_sock,  &test_flag,  1); 
for  (count=0;count<*bins;++count)  { 
val  =  proc[proc_num+count] .rp_dictionary  [mem] ; 
write(f_sock,  &val,  4)  ; 

} 

} 

} 

else  { 

*found_pitch  =  next_pitch; 

*found_yaw  =  next_yaw; 

diff  =  rp_diff (found_pitch, found_yaw,rp_dictionary, f_data,  \ 
sum_pitch_vect,num_yaw,delta_yaw,pitch_vect,  \ 
delta_pitch_vect , rp_per_layer , bins ) ; 

/*  expand  the  newly  selected  grid  point  at  the  end  of  the  diffusion 
from  2  angles  to  3  angles  */ 

expanded_yaw  =  get_yaw(found_yaw, found_pitch,expanded_roll) ; 
expanded_pitch  =  get_pitch(found_yaw,  found_pitch,expanded_roll) ; 

/*  send  this  intermediate  estimate  of  the  orientation  over  the  socket 
to  the  SGI  for  visualization  */ 
write(f_sock,  &test_flag,  1) ; 
write (f_sock,  &expanded_pitch,  4); 
write (f_sock,  &expanded_yaw,  4) ; 
write (f_sock,  expanded_roll,  4); 

/*  send  noiseless  range  profile  corresponding  to  new  estimate 
via  socket  */ 

PY_to_PE  ( f  ound_pitch ,  f  ound_yaw ,  sum_pitch_vect ,  num_yaw,  delta _yaw,  \ 

pitch_vect , delta_pitch_vect , rp_per_layer , &proc_num, &mem, bins ) ; 
if  (diff_count  ==  NUM_DIFF  -  1)  { 
write(f_sock,  &test_flag,  1); 
for  (count=0;count<*bins;++count)  { 
val  =  proc[proc_num+count] .rp_dictionary [mem] ; 
write ( f_sock ,  &val ,  4 )  ; 

} 

} 

} 

} 

} 
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#ifdef  _ STDC _ 

#  define  P(s)  s 

#else 

#  define  P(s)  () 

#endif 


/*  PY_to_PE.in  */ 

void  PY_to_PE  P(  (float  *f_pitch  ,  float  *f_yaw  ,  int  *sum_pitch_vect  ,  int  *nuin_yaw  ,  floa 
t  *delta_yaw  ,  int  *pitch_vect  ,  float  *delta_pitch_vect  ,  int  *rp_per_layer  ,  int  *proc_n 
um  ,  int  *inem  ,  int  *bins  )  )  ; 

/*  round. m  */ 

int  round  P( (float  x  ) ) ; 

/*  load_rp.m  */ 

void  load_rp  P( (float  *pitch  ,  float  *yaw  ,  int  *mem  ,  int  *proc_num  ,  char  *dir_naine  ,  in 
t  *bins  ,  plural  float  *rp_dictionary  ) ) ; 

/*  arc_angle.in  */ 

float  arc_angle  P( (float  *pitchl  ,  float  *yawl  ,  float  *pitch2  ,  float  *yaw2  )); 

/*  f ix_pitch_angle .m  */ 

void  f ix_pitch_angle  P( (float  *pitch  ) ) ; 

/*  inin2.in  */ 

float  min2  P( (float  *xl  ,  float  *x2  )); 

/*  nearest_rp.iti  */ 

void  nearest_rp  P( (float  pitch  ,  float  yaw  ,  float  *nearest_pitch  ,  float  *nearest_yaw  ,  i 
nt  *nuin_pitch  ,  float  *delta_yaw_vect  ,  float  *delta_pitch  ) ) ; 

/*  polar_to_cart .m  */ 

void  polar_to_cart  P( (float  ‘pitch  ,  float  *yaw  ,  float  *x  ,  float  *y  ,  float  *z  )); 

/*  rp_diff.in  */ 

float  rp_diff  P( (float  ‘pitch  ,  float  ‘yaw  ,  plural  float  *rp_dictionary  ,  plural  float  ‘f 
_data  ,  int  ‘suin_pitch_vect  ,  int  ‘nuin_yaw  ,  float  ‘delta_yaw  ,  int  ‘pitch_vect  ,  float  ‘d 
elta_pitch_vect  ,  int  *rp_per_layer  ,  int  ‘bins  ) ) ; 

/‘  slope. in  ‘/ 

float  slope  P( (float  ‘pitchl  ,  float  ‘yawl  ,  float  ‘diff  ,  float  *pitch2  ,  float  ‘yaw2  ,  f 
loat  plural  ‘rp_dictionary  ,  float  plural  *f_data  ,  int  ‘suin_pitch_vect  ,  int  *nuin_yaw  ,  f 
loat  ‘delta_yaw  ,  int  ‘pitch_vect  ,  float  ‘delta_pitch_vect  ,  int  *rp_per_layer  ,  int  ‘bin 
s  )  )  ; 

/‘  sq_chord.m  */ 

float  sq_chord  P( (float  ‘pitchl  ,  float  ‘yawl  ,  float  ‘pitch2  ,  float  *yaw2  )); 

/‘  trace. m  ‘/ 

void  trace  P( (float  plural  ‘f_data  ,  float  plural  ‘rp_dictionary  ,  float  *init_pitch  ,  flo 
at  ‘init_yaw  ,  float  ‘found_pitch  ,  float  ‘found_yaw  ,  int  ‘bins  ,  float  *delta_yaw  ,  int 
‘nuin_yaw  ,  float  ‘delta_pitch_vect  ,  int  *suin_pitch_vect  ,  int  *pitch_vect  ,  float  ‘rp_per 
_layer  ,  int  f_sock  ,  float  *expanded_roll  ) ) ; 

/‘  get_yaw_prime.m  ‘/ 

float  get_yaw_priine  P( (float  ‘yaw  ,  float  ‘pitch  ,  float  ‘roll  )); 

/‘  get_pitch_priine  .m  ‘/ 

float  get_pitch_prime  P( (float  ‘yaw  ,  float  ‘pitch  ,  float  ‘roll  )); 
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/*  get_pitch.m  */ 

float  get_pitch  P( (float  *yaw_prime  ,  float  *pitch_prime  ,  float  *roll  ) ) ; 
/*  get_yaw.in  */ 

float  get_yaw  P( (float  *Yaw_prime  ,  float  *pitch_prime  ,  float  *roll  )); 

/*  f_initialize .m  */ 

void  f_initiali2e  P((void  ) ) ; 

/*  simulate. m  */ 

void  simulate  P((int  first_time  )); 

/*  search. m  */ 

void  search  P((void  )); 

/*  f_init_jupiter .m  */ 

void  f_init_jupiter  P((void  )); 

#undef  P 


#define  SKIP  86 
#define  PI  3.14159265359 
#define  R_to_D_scale  57.29578 
tdefine  D_to_R_scale  0.017453293 
#define  DISCRETIZE_PAR1  10 
#define  DISCRETIZE_PAR2  36 
#define  NUM_BINS  1024 
tdefine  RP_IN_DICT  1 
tdefine  NOISE_SCALE  0.0 
tdefine  NUM_DIFF  4 
tdefine  ITER  3 


float  itiin2  ( )  ; 
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★  ★ 


OBJ  format  header  file 


★  ★ 

*********************************************************** 

/*  $Id:  OBJ.h,v  1.6  94/04/26  01:16:30  rst  Exp  Locker:  rst  $ 

★ 

*  $Log:  OBJ.h,v  $ 

*  Revision  1.6  94/04/26  01:16:30  rst 

*  fixed  80  char  line  size  limitation  to  255  char 

* 

*  Revision  1.5  1994/03/24  14:49:50  rst 

*  obj_type  structure  added  to  simplify  routine  usage 

* 

*  Revision  1.4  1994/03/23  11:20:55  rst 

*  Updated  to  follow  ANSI  C  conventions 

* 

*  Revision  1.3  93/11/10  11:30:14  rst 

*  better  comments  on  how  to  use  the  routines 

* 

*  Revision  1.2  93/10/27  00:43:55  rst 

*  completed  header  file 

* 

*  Revision  1.1  93/10/26  22:21:07  rst 

*  Initial  revision 

* 

* 

*/ 

/***********************/ 

/*  OBJ  format  routines  */ 

/***********************/ 

#define  LINESZ  255 
#define  MAXVERT  100000 
#define  MAXNORM  100000 

/*  internal  type  definitions  */ 

typedef  struct  corner_list  { 
int  vertex,  normal; 
struct  corner_list  *next; 

}  corner_cell; 

typedef  struct  face_list  { 

struct  corner_list  *face; 
struct  face_list  *next_face; 

}  face_cell; 

/*  obj  object  type  definition  */ 

typedef  struct  obj_object  { 
face_cell  *head; 
float  vert [MAXVERT]  [3]  ; 
float  norm[ MAXNORM] [3 ] ; 
float  max; 

}  obj_type; 


typedef  short  boolean; 

#define  TRUE  1 
#define  FALSE  0 

/*  end  of  type  defs  */ 

/*  generators  for  face  and  corner  cells  */ 
face_cell  *new_face {face_cell  **current); 

corner_cell  *new_vertex {corner_cell  **current,  int  vertex,  int  normal); 

/*  read  a  single  line  procedure  */ 

int  readline (FILE  *fl,  char  line [LINESZ] ) ; 

/*  read  next  set  of  vertex/ /normal  indices  * ! 

int  readnext { char  **line_ptr,  int  *vertp,  int  *normp) ; 

/*  procedures  to  calculate  normals  */ 

int  cross (float  v2[3],  float  vl[3],  float  u[3]); 

int  do_normals ( face_cell  *facep,  int  *jp,  float  vert[][3],  float  norm[][3]); 

/*************************************************************************/ 
/*  These  are  the  two  procedures  that  will  get  called  by  outside  programs  */ 
/************************************************************************* ^ 

/*  read  data  procedure  */ 

/*  invoked  as: 

obj_read ( filename, &object) 
where : 

filename  is  the  name  of  the  .obj  file  to  be  read  ("fl6M.obj") 
object  is  a  structure  of  type  obj_type 

*/ 

int  obj_read(char  *filenm,  obj_type  ‘object) ; 


/*  procedure  to  draw  object  from  list  format  */ 

/*  invoked  as: 

ob j_draw ( obj  ect , shade ) 
where : 

object  is  a  structure  of  type  obj_type 

shade  is  a  boolean  telling  whether  to  draw  shaded  (TRUE)  or  wireframe 

*/ 

int  obj_draw(obj_type  object,  boolean  shade); 
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#ifdef  _ STDC _ 

#  define  P(s)  s 

#else 

#  define  P(s)  () 

#endif 


/*  PY_to_PE.in  */ 

void  PY_to_PE  P(  (float  *f_pitch  ,  float  *f_yaw  ,  int  *suin_pitch_vect  ,  int  *nuni_yaw  ,  floa 
t  *delta_yaw  ,  int  *pitch_vect  ,  float  *delta_pitch_vect  ,  int  *rp_per_layer  ,  int  *proc_n 
um  ,  int  *mem  ,  int  *bins  )  )  ; 

/*  roimd.m  */ 

int  round  P( (float  x  )); 

/*  load_rp.in  */ 

void  load_rp  P( (float  *pitch  ,  float  *yaw  ,  int  *mem  ,  int  *proc_nuin  ,  char  *dir_name  ,  in 
t  *bins  ,  plural  float  *rp_dictionary  ) ) ; 

/*  arc_angle.in  */ 

float  arc_angle  P( (float  *pitchl  ,  float  *yawl  ,  float  *pitch2  ,  float  *yaw2  )); 

/*  f ix_pitch_angle .m  */ 

void  fix_pitch_angle  P( (float  *pitch  )); 

/*  min2.m  */ 

float  min2  P( (float  *xl  ,  float  *x2  )); 

/*  nearest_rp.m  */ 

void  nearest_rp  P( (float  pitch  ,  float  yaw  ,  float  *nearest_pitch  ,  float  *nearest_yaw  ,  i 
nt  *nuin_pitch  ,  float  *delta_yaw_vect  ,  float  *delta_pitch  ) ) ; 

/*  polar_to_cart .m  */ 

void  polar_to_cart  P( (float  *pitch  ,  float  *yaw  ,  float  *x  ,  float  *y  ,  float  *z  ) ) ; 

/*  rp_diff.in  */ 

float  rp_diff  P( (float  *pitch  ,  float  *yaw  ,  plural  float  *rp_dict ionary  ,  plural  float  *f 
_data  ,  int  *sum_pitch_vect  ,  int  *nuin_yaw  ,  float  *delta_yaw  ,  int  *pitch_vect  ,  float  *d 
elta_pitch_vect  ,  int  *rp_per_layer  ,  int  ‘bins  ) ) ; 

/*  slope. m  */ 

float  slope  P( (float  ‘pitchl  ,  float  ‘yawl  ,  float  ‘diff  ,  float  ‘pitch2  ,  float  ‘yaw2  ,  f 
loat  plural  ‘rp_dictionary  ,  float  plural  ‘f_data  ,  int  ‘s\iin_pitch_vect  ,  int  ‘num_yaw  ,  f 
loat  ‘delta_yaw  ,  int  ‘pitch_vect  ,  float  ‘delta_pitch_vect  ,  int  ‘rp_per_layer  ,  int  ‘bin 
s  )); 

/‘  sq_chord.iti  */ 

float  sq_chord  P( (float  ‘pitchl  ,  float  ‘yawl  ,  float  ‘pitch2  ,  float  ‘yaw2  )); 

/‘  trace. m  ‘/ 

void  trace  P( (float  plural  *f_data  ,  float  plural  ‘rp_dictionarY  ,  float  ‘init_pitch  ,  flo 
at  ‘init_yaw  ,  float  ‘found_pitch  ,  float  ‘found_yaw  ,  int  ‘bins  ,  float  ‘delta_yaw  ,  int 
‘num_yaw  ,  float  ‘delta_pitch_vect  ,  int  ‘sum_pitch_vect  ,  int  ‘pitch_vect  ,  float  ‘rp_per 
_layer  ,  int  f_sock  ,  float  ‘expanded_roll  ) ) ; 

/‘  get_yaw_prime.in  */ 

float  get_yaw_prime  P( (float  ‘yaw  ,  float  ‘pitch  ,  float  ‘roll  )); 

/‘  get_pitch_priine .m  ‘/ 

float  get_pitch_priine  P( (float  ‘yaw  ,  float  ‘pitch  ,  float  ‘roll  )); 
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/*  get_pitch.ra  */ 

float  get_pitch  P( (float  *yaw_priine  ,  float  *pitch_prime  ,  float  *roll  )); 
/*  get_yaw.in  */ 

float  get_yaw  P( (float  *yaw_prime  ,  float  *pitch_prime  ,  float  *roll  )); 

/*  f_initialize.m  */ 

void  f_initialize  P((void  )); 

/*  simulate. m  */ 

void  simulate  P((int  first_time  ) ) ; 

/*  search. m  */ 

void  search  P((void  )); 

/*  f_init_jupiter .m  */ 

void  f_init_jupiter  P((void  )); 

#undef  P 
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^******'k**’k-k***ie'k******-k*-k**ifkie**’kie*it’k-k*it*ic’kie*it*-k**ie*iiirififieie**-k**if* 

★  ★ 

*  * 

**  flip  file  format  header  file 

*  * 

*  * 

★  ★ 

*****************************************************************y 

/*  $Id:  flip.h.v  1.1  1994/03/24  15:06:49  rst  Exp  $ 

* 

*  $Log:  flip.h,v  $ 

*  Revision  1.1  1994/03/24  15:06:49  rst 

*  Initial  revision 

* 

* 

*/ 

/************************  j 

/*  flip  format  routines  */ 

y************************  y 

/*  type  definitions  */ 

typedef  struct  flip_^object  { 
float  *ptr; 
long  size; 

}  flip_type; 

/*  end  of  type  defs  */ 

j*************************************************************************! 

/*  These  are  the  two  procedures  that  will  get  called  outside  programs  */ 

/********************************-k***************-ki,i,-ki,i,i,.t,*-ti,i,.^ir.t,i,ifiii,tii.lc.lr*-l,^ 

/*  read  data  procedure  */ 

/*  invoked  as: 

f 1 ip_read ( f i lename , &ob j  ec t ) 
where : 

filename  is  the  name  of  the  flip  format  file  to  be  read  (“plane.bin") 
object  is  a  structure  of  type  flip_type 

*/ 

int  f lip_read(char  *filenm,  flip_type  *object) ; 

/*  procedure  to  draw  object  */ 

/*  invoked  as: 

f lip_draw (obj  ect ) 
where : 

object  is  a  structure  of  type  flip_type 

*/ 

int  flip_draw(f lip_type  object); 
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#define  SKIP  86 
#define  PI  3.14159265359 
#define  R_to_D_scale  57.29578 
#define  D_to_R_scale  0.017453293 
#define  DISCRETIZE_PAR1  10 
#define  DISCRETIZE_PAR2  36 
#define  NUM_BINS  1024 
#define  RP_IN_DICT  1 
#define  NOISE_SCALE  0.0 
#define  NUM_DIFF  4 
tdefine  ITER  3 


#include  <.. /include /parain.h> 
#ifdef  _ STDC _ 

#  define  P(s)  s 

#else 

#  define  P(s)  () 

#endif 


/*  base.m  */ 

void  track_init  P((void  ) ) ; 

void  base  P{ (plural  float  expo  ,  plural  float  uniform_rv  )); 
int  read_sock  P((int  insock  ,  char  *ptr  ,  int  sz  )); 

/*  covariance. m  */ 

void  fonn_cov  P((int  n  ,  plural  float  cov  [OBJNUM_MAX  ] [3  ] [2  ],  int  obj_ind  ,  float  p_rat 
e  [OBJNUM_MAX  ] ,  float  q_rate  [OBJNUM_MAX  ] ,  float  r_rate  [OBJNUM_MAX  ] ) ) ; 
void  shift_cov_in  P((int  obj_ind  ,  plural  float  A  [OBJNUM_MAX  ] [3  ] [2  ] ) ) ; 
void  angle_diff  P( (float  xl  ,  float  x2  ,  float  *y  )); 

/*  reshaping_covariance.m  */ 

void  reshape_cov  P((int  n_obj  [OBJNUM_MAX  ],  int  sel  ,  plural  float  cov_in  [OBJNUM_MAX  ] [3 
]  [2  ] ,  plural  float  cov_out  [OBJNUM_MAX  ]  [3  ] [2  ]  )  )  ; 
void  shif t_cov_out  P((int  sel  ,  plural  float  cov_out  [OBJNUM_MAX  ] [3  ] [2  ] ) ) ; 

/*  jump_process .m  */ 

void  jump_metro  P((int  n_obj  [OBJNUM_MAX  3,  int  sel  ,  int  read_indx  ,  plural  float  theta  , 
plural  float  phi  ,  plural  float  psi  ,  plural  float  *u  ,  plural  float  *v  ,  plural  float  *w 
,  plural  float  T  [3  ]  [3  ],  float  p_rate  [OBJNUM_MAX  ],  float  q_rate  [OBJNUM_MAX  ],  float 
r_rat€  [OBJNUM_MAX  ] ) ) ; 

/*  matrix_inult .m  */ 

void  mymatmul  P((int  n  ,  int  obj_ind  ,  plural  float  T  [3  ] [3  ],  plural  float  cov_out  [OBJN 
UM_MAX  ] [3  3 [2  3 ,  plural  float  K_x  [OBJNUM_MAX  3(3  3 [2  3 ) )  ; 

void  ir^atmul2  P((int  n  ,  plural  float  T  [3  3  [3  3/  plural  float  cov_out  [3  3  [3  3,  plural  f 
loat  K_x  [3  3 [3  3 ) ) ; 

void  mymatvecmul  P((int  n_obj  [OBJNUM_MAX  3.  plural  float  dX  [3  3  .  plural  float  K_x  [OBJNU 
M_MAX  3 [3  3 [2  3 ) )  ; 

/*  convert. m  */ 

void  conv  P((int  n_obj  [OBiINUM_MAX  ],  plural  int  len_mask  ,  float  XO  [OBJNUM_MAX  3<  float 
YO  [OBJNlJM_MAX  3,  float  ZO  [OBiINUM_MAX  3,  plural  float  T  [3  3  [3  3,  plural  float  u  ,  plural 
float  V  ,  plural  float  w  ,  plural  float  *X  ,  plural  float  *Y  ,  plural  float  *Z  ) ) ; 
void  back_conv  P( (plural  int  len_mask  ,  plural  float  X  ,  plural  float  Y  ,  plural  float  Z  , 
float  XO  [OBJNUM_MAX  3 ,  float  YO  [OBJNUM_MAX  3 ,  float  ZO  [OBJNUM_MAX  3 ,  plural  float  T_co 
nv  [3  3 [3  3 /  plural  float  *u  ,  plural  float  *v  ,  plural  float  *w  ) ) ; 

void  short_conv  P((int  n_obj  {OBJNtJM_MAX  3.  plural  float  X  ,  plural  float  Y  ,  plural  float 
Z  ,  plural  float  alpha  [OBJNUM_MAX  /2  3 /  plural  float  beta  [OBJNUM_MAX  /2  3  »  plural  int  1 
en_mask  ) ) ; 

void  fonn_sin_cos  P( (plural  int  len_mask  ,  plural  float  theta  ,  plural  float  phi  ,  plural 
float  psi  ,  plural  float  T  [3  3(3  3)); 

/*  data.m  */ 

void  data  P((int  len_obj  [OBJNUM_MAX  3/  int  max_indx  ,  plural  float  *d_r  ,  plural  float  *d 

_i  )); 

void  range_data  P((int  index  [OBJNUM_MAX  3>  int  len_obj  [OBJNUM_MAX  3,  int  max_indx  ,  plur 
al  float  *range_dat  ) ) ; 

/*  GaussRand.m  */ 

void  GaussRand  P( (plural  float  *gaussl  )); 
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/*  diff.m  */ 

void  diff  P((int  iter  ,  int  sel  ,  int  n_obj  [OBJNUM_MAX  ],  int  len_obj  [OBJNUM_MAX  ],  plur 
al  float  dat_r  ,  plural  float  dat_i  ,  plural  float  range_dat  ,  plural  float  *X  ,  plural  fl 
oat  *Y  ,  plural  float  *Z  ,  float  XO  [OBJNOM_MAX  ] ,  float  YO  [OBJNUM_MAX  ] ,  float  ZO  [OBJNU 
M_MAX  ] ,  plural  float  cov_out  [OBJNUM_MAX  ] [3  ] [2  ] ,  plural  float  C_x  [OBJNUM_MAX  ] [3  ] [2 
] ,  plural  int  len_mask  ) ) ; 

/*  like_calculation.in  */ 

void  like  P((int  option  ,  int  sel  ,  int  n_obj  (OBJNUM_MAX  ],  plural  float  dat_r  ,  plural  f 
loat  dat_i  ,  plural  float  range_dat  ,  plural  float  alpha  [OBJNUM_MAX  /2  ] ,  plural  float  be 
ta  [OBJNUM_MAX  /2  ] ,  float  ‘likelihood  ,  plural  float  X  ,  plural  float  Y  ,  plural  float  Z 
)); 

void  like_track_birth  P((int  M  ,  plural  float  dat_r  ,  plural  float  dat_i  ,  plural  float  ra 
nge_dat  ,  float  ‘likelihood  ,  float  XO  [OBJNUM_MAX  ] ,  float  YO  [OBJNUM_MAX  ] ,  float  ZO  [OB 
JNUM_MAX  ] ) ) ; 

/‘  write_socket .m  ‘/ 

void  write_socket  P((int  nuin_obj  ,  int  sockl  ,  int  len_obj  [OBiJNUM_MAX  ],  int  n_obj  [OBJNU 

M_MAX  ] ,  int  len_track  ,  int  move_type  ,  int  accept_reject  ,  plural  float  X  ,  plural  float 

Y  ,  plural  float  Z  ,  int  index  [OBJNUM_MAX  ] ) ) ; 

/‘  initialization. m  ‘/ 

void  initialization  P((void  )); 

/‘  rotation. m  ‘/ 

void  rotation  P((int  sel  ,  int  n_obj  [OBJNUM  ],  int  len_obj  [OBJNUM  ],  float  ‘p  ,  float  ‘g 
,  float  ‘r  ,  float  rot_mat  [3  ] [3  ])); 

/‘  shiftwindow.m  ‘/ 

void  shiftwindow  P{(int  ‘shift_yes  ,  int  sel  ,  int  n_obj  [OBJNUM_MAX  ],  plural  float  *dat_ 
r  ,  plural  float  ‘dat_i  ,  plural  float  ‘u  ,  plural  float  ‘v  ,  plural  float  *w  ,  plural  flo 
at  ‘X  ,  plural  float  ‘Y  ,  plural  float  ‘Z  ,  float  XO  [OBJNUM_MAX  ] ,  float  YO  [OBJNUM_MAX  ] 

,  float  ZO  [OBJNUM_MAX  ] ,  plural  float  ‘theta  ,  plural  float  ‘phi  ,  plural  float  ‘psi  ,  pi 

ural  float  *range_dat  ) ) ; 

/‘  init_jupiter .m  ‘/ 

void  init_jupiter  P((void  ) ) ; 

*undef  P 
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#include  < . . /include/params2 .h> 


#define  BOXON  150 

#define  ORSTART  300  /*  start  orientation  processing  */ 

ttdefine  ORSKIP  5  /*  number  of  steps  to  skip  between  orient  disp  */ 

#define  NUM_SHUF  100  /*  number  of  time  shuffles  is  displayed  */ 

#define  OREND  1200  /*  end  orientation  processing  */ 

#define  STOPF  1200  /*  stop  all  */ 
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# include  "realparms .h" 

/*  round  off  routine  */ 

#define  round(r_x)  { (int) f_floor { {r_x)  +  0.5)) 


/*  define  transup  and  transrt  */ 

#define  transup (u_data,u_up)  \ 

( (u_up  >0)  ?  nowrapN(u_up,u_data) :  nowrapS( (-l*u_up) ,u_data) ) 

#define  transrt (r_data, r_right)  \ 

( (r_right  >  0)  ?  nowrapE (r_right, r_data) :  nowrapW ( (-l*r_right) , r_data) ) 

/*  define  actual  translate  */ 

#define  translate {t_data, t_right ,  t_up)  \ 

( transup  ( transrt  (t_data,t_right)  ,t_up) ) 

/*  error  routine  */ 

♦define  enderror(n)  \ 

{  printf{ "error  occured  (%d) . \nexiting  program. \n“  ,n) ;  \ 
exit(-l);  } 


/*  pause  routine  */ 

♦define  pause (p_f lag)  \ 

{  int  p_temp;  \ 

if  (p_flag  !=  0)  {  \ 

sleep (1) ;  \ 

printf  ( "  \n\npause .  .  \n\n'' ) ;  \ 

scanf ( "%c\n" , &p_temp) ;  \ 

}  } 


/*  define  nowrap  xnets 
♦define  nowrapN(d, val) 
♦define  nowrapS (d, val) 
♦define  nowrapW (d, val) 
♦define  nowrapE (d, val) 


*/ 

((iyproc  <  d)  ?  0:xnetN[d] .val) 

{ (iyproc  >=  nyproc-{d))  ?  0 :xnetS [d] . val) 
((ixproc  <  d)  ?  0:xnetW[d] .val) 

( (ixproc  >=  nxproc- (d) )  ?  0 :xnetE [d] . val) 


int  selectOne ( ) ; 
int  close ( ) ; 

/*  int  exitO;  */ 
int  system { ) ; 
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/*  fileio.h  */ 
#define  PACK  1024 


/*  general. h  */ 

#define  MAXVAL  32767 
#define  XSIZE  64 
#define  YSIZE  64 
#define  TRUE  1 
tdefine  FALSE  0 
/*  typedef  int  boolean;  */ 


#define  NEVER  0 
#define  ALWAYS  1 


/*  pause  routine  */ 

#define  pause {p_f lag)  \ 

{  int  p_temp;  \ 

if  (p_flag  !=  0)  {  \ 

sleep (1) ;  \ 

printf ( " \n\npause. . \n\n* ) ;  \ 

scant ( “%c\n" , &p_temp) ;  \ 

}  } 


/*  translate  macro  */ 
/*  define  nowrap  xnets 
tdefine  nowrapN(d, val) 
#define  nowrapS (d, val) 
#define  nowrapW(d, val) 
tdefine  nowrapE(d, val) 


*/ 

((iyproc  <  d)  ?  0;xnetN[d] .val) 

((iyproc  >=  nyproc-(d))  ?  0 :xnetS [d] . val) 
((ixproc  <  d)  ?  0:xnetW[d] .val) 

{{ixproc  >=  nxproc-(d))  ?  0;xnetE[d] .val) 


/*  orient.h  */ 

#define  TRIG_SIZE  51 

#define  TRIG_MAX  2*M_PI 

#define  TRIG_STEP  (TRIG_MAX/TRIG_SIZE) 


#define  EOD  400 


I*  nvim.h  */ 

#define  NUM  5544 
/*  #define  NUM  8000  */ 

/*  picker. h  */ 

#define  PITCHES  19 
idefine  DELTA  10 
#define  TWODELTA  20 

tdefine  STEP  18 

int  selectOne { ) ; 
int  read ( ) ; 
int  write ( )  ; 
int  close ( ) ; 
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#define  tracksize  1505 

#define  lambda  0.1 
#define  force_var_x  1.0 

#define  force_var_y  1.0 

#define  force_var_z  1.0 

#define  mean_diff  20 


tdefine  S_R  1.0 

#define  S_I  1.0 

#define  N_R  0.1 

tdefine  N_I  0.1 

#define  ran_var  3.0 
#define  OBJNUM  1 
#define  OBJNUM_TRU  1 
#define  OBJNUM_MAX  4 

#define  max(a,b)  ((a)  >  (b)  ?  (a)  :  (b) ) 

ttdefine  min(a,b)  ((a)  <  (b)  ?  (a)  :  (b) ) 

#define  HighRes_var  1000.0 
#define  pitch_tmpl_stp  10 
#define  roll_tmpl_stp  10 
#define  image_read_stp  5 

/***  for  display  file  *****/ 

#define  DIM  3 
#define  BSIZE  4500 
#define  RATIO  4 

#define  XSIZE  64 
#define  YSIZE  64 
#define  TRUE  1 
♦define  FALSE  0 

♦define  MAX_ITERATION  10000 

♦define  SOCKET 

/*  J\amp  move  codes  */ 

♦define  TRACK_BIRTH  0 
♦define  TRACK_DEATH  1 
♦define  SEG_BIRTH  2 
♦define  SEG_DEATH  3 

♦define  BEAMWIDTH  20.0 
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#define  X  0 
#define  Y  1 
#define  Z  2 
♦define  PITCH  0 
♦define  YAW  1 
♦define  ROLL  2 
♦define  DIM  3 
♦define  XSIZE  64 
♦define  YSIZE  64 
♦define  OSIZE  10 
♦define  UP  0 
♦define  RATIO  5.0 
♦define  EOD  400 

♦define  IMPORT  1991  /*  input  from  anuj's  program  */ 
♦define  OUTPORT  1992  /*  output  to  my  MPP  program  */ 

♦define  IN2PORT  1993  /*  input  from  iiy  MPP  program  */ 

void  swap_it ( ) ; 
void  draw_templ ( ) ; 
int  read_sock ( ) ; 
int  enderror ( ) ; 
int  getmove ( ) ; 
void  grab_n_dump ( ) ; 
void  shuffleO; 

void  open_rp_win ( ) ; 
void  def_zp  ( ) ; 
void  draw_rps ( ) ; 
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The  current  directory  is: 


~atr/demo/marksrc/lib 

This  directory  contains  routines  for  performing  target  detection 
using  simulated  data  from  a  cross  array  of  radar  sensors.  Source 
code  for  the  following  routines  appears  in  this  directory: 


GaussRand.m 
data.m 
data_f ft .m 
my_reduce.m 
rands eed.m 
range_detect .m 
t_birth.m 


t_death.m 


xyz2azel .m 


generates  Gaussian  pseudo-random  nximbers 
computes  direction  vectors  for  sensor  array 
computes  FFT  of  direction  vectors 
columnwise  summation  routine  for  mpp 
seeds  random  nxamber  generator 
estimates  range  to  detected  target 
hypothesizes  detection  of  a  new  target  and 
tests  observed  data  for  support  of  a 
new  target 

hypothesizes  removal  of  a  detected  target  and 
tests  observed  data  for  support  of  one 
fewer  target  in  the  scene 
converts  from  rectangular  to  spherical 
coordinates 


See  the  source  code  for  further  comments. 


/* 

This  routine  computes  a  Gaussian  random  variable  with 
zero  mean  and  unit  variance.  It  is  borrowed  from 
Anu  j . 

*/ 


#include  <stdio.h> 

# include  <mpl.h> 

# include  <math.h> 

# include  <su/values .h> 

#include  <su/stdlib.h> 

# include  “head.h" 

void  GaussRand (plural  float  *gaussl) 

{ 

plural  float  rand,  theta,  r; 
float  pi, scale; 
plural  float  g,h; 

pi  =  4.0*atan(1.0) ; 
scale=2147483647.0; 

theta=2*pi* (p_random( ) /scale) ; 

rand=p_random ( ) /scale ; 
while  (rand==0) 

rand=p_random ()/ scale ; 
r=fp_sqrt (-2 . 0*fp_log (rand) ) ; 

*gaussl=r*fp_cos (theta) ; 

} 
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/*  This  routine  computes  the  simulated  direction  vector  for  a  target  located 
at  elevation  alpha,  azimuth  beta  according  to  the  array  sensor  model.  The 
signal  has  real,  imaginary  amplitude  s_r,  s_i,  and  the  added  Gaussian  noise 
has  amplitude  n_r,  n_i.  The  vector  is  returned  in  the  array  d,  with  d[0] , 
d[l]  being  the  real,  imaginary  parts,  respectively,  and  the  vector  stored  in 
[0] [0] . . . [63] [0] ,  repeated  in  every  column.  */ 

# inc lude<  stdio . h> 

# inc lude<math . h> 

#include<mpl . h> 

# inc lude<mpml . h> 

# include  "head.h” 

extern  plural  float  index_u,  index_d; 

void  ray_data( float  alpha,  float  beta,  float  s_r, float  s_i, float  n_r, float  n_i, 
plural  float  d[2]) 

{ 

plural  float  rand_r , rand_i ; 
plural  float  temp, dr, di; 
float  pi, term; 

printf { "Data:  alpha:  %f  beta:  %f\n“ , alpha, beta) ; 

pi  =  4.0*atan(1.0) ; 

alpha  =  alpha  *  pi  /  180.0; 
beta  =  beta  *  pi  /  180.0; 

temp  =  pi*(index_d*  cos (alpha) *sin (beta) 

+  index_u  *  cos (alpha) * cos (beta) ) ; 

dr  =  fp_cos (temp) ; 
di  =  -fp_sin (temp) ; 

Gaus  sRand ( &rand_r ) ; 

GaussRand(&rand_i) ; 

d[0]  =  (s_r*dr  -  s_i*di)  +  n_r*rand_r; 
d[l]  =  (s_r*di  +  s_i*dr)  +  n_i*rand_i; 

} 
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/*  This  routine  computes  the  FFT  of  the  direction  vector  Data  to 
obtain  the  data  likelihood.  The  routines  cfft2d_sizes,  cfft2d_init 
provide  initialization  for  the  MASPAR  library  cfft2d  routine,  and  you 
should  consult  the  MASPAR  library  documentation  for  the  meaning  of 
their  parameters. 

The  input  data  vector  is  rearranged  in  the  form  of  the  array  geometry 
(a  cross  array)  and  stored  in  dt[].  Then  the  2D  FFT  is  performed, 
with  the  results  also  in  dt[],  and  the  magnitude-squared  of  dt[]  is 
stored  in  mdt  and  returned.  */ 

#include  <stdio.h> 
tinclude  <mpl.h> 

#include  <math.h> 

#include  <mpml.h> 

#include  <su/stdlib.h> 
tinclude  "head.h" 

/***************  track  birth  *******************/ 

plural  float  data_f ft (plural  float  *Data) 

{ 


float  pi; 

plural  float  dt[2],  mdt; 
int  i ; 

/*  FFT  variables  */ 

int  zxs,  zys,  wss,  wps  =  0; 
float  *ws; 

plural  float  *wp,  *work,  siimsq; 
pi  =  4.0*atan(1.0) ; 


cfft2d_sizes (64, 64,&zxs,&zys,&wss,&wps)  ; 
ws  =  malloc(wss  *  sizeof ( float)  *  2); 
wp  =  p_malloc(wps  *  sizeof (float)  *  2); 
work  =  p_malloc( sizeof (float)  *  2); 
cf ft2d_init (ws,  wp,  64,  64); 

/*  rearrange  data  vector  for  fft  */ 


dt[0]  =  0;  dt[l]  =  0; 


for ( i=0; i<32 ; i++)  { 

proc[32] [i+16] .dt[0] 
proc[32] [i+16] .dt[l] 
proc[i+16] [32] .dt[0] 
proc[i+16] [32] .dt[l] 


proc [ i ] [ 0 ] . Data [ 0 ] ; 
proc [i] [0] .Data [1] ; 
proc[i+32] [0] .Data[0] ; 
proc[i+32] [0] .Data[l] ; 


/*  do  it*/ 


cfft2d(dt,  ws,  wp,  64,  64,  work) ; 
mdt  =  dt[0]  *  dt[0]  +  dt[l]  *  dt[l]; 
return  mdt; 
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} 
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/*  This  routine  computes  the  columnwise  sum  of  a  plural  src  and  stores 
the  result  in  sum.  */ 

#include  <mpl.h> 

# include  <math.h> 

#include  <stdio.h> 

# include  "head.h" 

void  ir^_reduce_y (register  plural  float  src,  plural  float  *sum) 

{ 

register  plural  int  active; 
all  active  =  0; 
active  =  1; 

all  { 

register  int  d; 

if  (iactive)  src  =  0; 
for  {d=2;  d<=64;  d  =  d«l) 

if  ((iyproc  &  d-1)  ==  d-1) 

src  +=  xnetpN[d/23 .src; 

} 

*sum  =  src; 
return; 

} 

/*  This  routine  computes  the  sum  of  the  [0] [0] . . . [63] [63]  elements  of 
the  plural  src,  and  stores  the  result  in  sum.  */ 

void  my_reduce (register  plural  float  src,  float  *resl) 

{ 

register  plural  int  active; 

all  active  =0; 
active  =  1; 

all  { 

register  int  d; 

if  (Iactive)  src  =  0; 

for  (d=2;  d<=128/2;  d  =  d«l) 

if  ((ixproc  &  d-1)  ==  d-1) 

src  +=  xnetpW[d/2] .src; 
for  (d=2;  d<=64;  d  =  d«l) 

if  ((iyproc  &  d-1)  ==  d-1) 

src  +=  xnetpN[d/2] .src; 

} 

*resl  =  proc [63] [63] .src; 
return; 

} 

/*  This  routine  converts  the  electrical  angles  row,  col  into  an 
elevation/azimuth  pair  a,b,  in  radians,  quadrant  is  used  to  compute 
the  geometric  quadrant  of  the  electrical  angles  and  the  resulting 
el/az  are  transformed  accordingly.  */ 

void  azelconv(int  row,  int  col,  float  *a,  float  *b) 

{ 
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float  pi; 

float  phil,  phi2; 

int  quadrant  =  0; 

pi  =  4.0*atan(1.0) ; 

if  (row  >32)  { 

row  =  64  -  row; 
quadrant  +=  1; 

} 

if  (col  >  32)  { 

col  =  64  -  col; 
quadrant  +=  2; 

} 

printf(”row:  %d  col:  %d\n'' , row, col)  ; 

phil  =  2  *  col  /  64.0; 

phi2  =  2  *  row  /  64.0; 


if  (phil*phil  +  phi2*phi2  >=  1)  *a  =  0; 
else  *a  =  acos (sqrt (phil*phil  +  phi2*phi2)); 

if  (phil  ==  0)  *b  =  pi  /  2; 
else  *b  =  atan(phi2/phil) ; 

if  (quadrant  ==  1)  *b  =  pi  -  *b; 
else  if  (quadrant  ==  0)  *b  =  pi  +  *b; 
else  if  (quadrant  ==  2)  *b  =  2*pi  -  *b; 

*a  =  *a  *  180  /  pi; 

*b  =  *b  *  180  /  pi; 

return; 


} 
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/*  This  routine  is  used  to  generate  a  random  seed  for  the  random 
number  generator .  * / 

tinclude  <sys/time.h> 

long  get_rand_seed ( ) 

{ 

struct  timeval  tp; 
struct  timezone  tzp; 

gettimeofday (&tp, &tzp) ; 
return  tp.tv_usec; 


} 
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/*  This  routine  performs  range  detection.  It  is  assimied  that  a 
hypothesized  target  has  been  located  at  el,  az.  It  then  compares  the 
actual  target  location  with  the  hypothesis  and  if  the  actual  location 
is  greater  than  BEAMWIDTH- squared  away  then  range  detection  fails  and 
a  negative  range  is  returned.  Otherwise  the  actual  range  is  returned; 
range  detection  in  our  model  is  somewhat  trivial  at  this  stage.  */ 

#include<stdio . h> 

#include<math . h> 
tinclude  "head.h" 
ttinclude  "realparms .h" 

extern  float  track [OB JNUM_MAX] [tracksize] [3] ,pitch[OBJNUM_MAX] [tracksize] , 
yaw[OBJNUM_MAX] [tracksize] ,  roll [OBJNUM_MAX] [tracksize] ; 

float  range_detect (float  el,  float  az,  int  index[],  int  M) 

{ 

float  range,  config[2]; 
int  r,  found; 

found  =  -1; 

for (r=0;r<OBJNUM_TRU;r++)  { 

xyz2azel (track[r] [0] ,  config) ; 

if  ( (el -config [0] ) * (el-config[0] ) + (az-conf ig [1] ) * 

(az-config[l] )  <  BEAMWIDTH* BEAMWIDTH)  found  =  r; 

} 

if  (found  ==  -1)  range  =  -1; 
else  { 

range  =  sqrt (track[found] [0] [0] *track[found] [0] [0]  + 
track[found] [0] [1] *track [found] [0] [1]  + 
track [found] [0] [2] * track [found] [0] [2] ) ; 
index [M]  =  found; 

} 

printf ( ”range_detect :  found  %d  range  % .2f \n" , found, range) ; 
return  range; 

} 
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/*  This  is  the  main  routine  of  the  detection  library.  It  takes 
simulated  data  Data  and  attempts  to  detect  a  new  target  given  this 
data.  pos[][3]  is  an  array  of  x,y,z  positions  of  targets  that  have 
already  been  detected.  M  is  the  number  of  targets  that  have  already 
been  detected.  rej_mask  is  a  plural  which  has  a  0  for  electrical 
angles  where  hypothesized  targets  have  already  been  rejected,  and  1 
elsewhere. 

First,  it  removes  the  data  from  already-detected  targets  to  obtain  the 
residual  data.  It  then  calls  data_fft  to  compute  the  2D  FFT  of  that 
data.  The  result  is  multiplied  by  rej_mask  to  remove  spurious  peaks 
and  then  the  result  is  converted  from  log-likelihoods  to  likelihoods. 
Finally  histogram  (Gibbs)  selection  is  performed  on  the 
log- likelihoods  and  the  selected  peak  is  returned  in  result  with  the 
azimuth,  elevation  in  [0][0],  [0][1],  and  the  electrical  angles  in 

[1][0],  [1] [1]  (to  update  rej_mask  in  the  main  routine).  */ 


#include  <stdio.h> 
tinclude  <mpl.h> 

# include  <math.h> 

# include  <stdlib.h> 
/*#include  <mpl/math.h>*/ 
ttinclude  <su/stdlib.h> 

# include  <mpml.h> 

#include  <values.h> 

# include  "head.h" 

# include  "realparms .h" 


extern  plural  float  index_u,  index_d; 

/**********************  track  birth  *********************/ 

plural  float  t_birth (plural  float  *Data,  float  pos[][3],  int  M,  plural  int  rej_mask) 

{ 

plural  float  tb,  tblike; 
plural  float  t[2]; 
plural  float  result  =  0; 
float  maxsum,  norm; 
float  angle [2]; 
float  rv,  az,  el; 
int  i , j  ; 

/**************  JUMP  moves  *********************/ 

for(i=0;i<M;i++)  { 

xyz2azel (pos [i] , angle) ; 

my_data (angle [0] ,  angle(l],  1,  1,  0,  0,  t) ; 

Data[0]  =  Data[0]  -  t[0]; 

Data[l]  =  Data[l]  -  t[l]; 

} 

tb  =  data_f ft (Data) ; 

/*  Remove  previously  rejected  peaks  */ 
tb  =  tb  *  rej_mask; 

/***************  likliehoods  **********************/ 
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convert  to  likliehoods  */ 

maxsum  =  reduceMaxf (tb) ; 

tblike  =0;  r.xs  t 

if  ((ixproc  <  64)  &&  (lyproc  <  64))  i 
tblike  =  fp_exp(tb  -  maxsum); 


iny_reduce  (tblike,  Snorm)  ; 
print  f ( ’ maxsum :  % . 4  f  norm ; 
f or (i=0 ; i<64 ; i++)  { 

for(j=0; j<64; j++)  { 

print f ( “%d 


%  .4f  \n"  ,maxsiam,norm)  ; 


%d  %.4f  %.4f\n".i, j,proc 


[i] [j] .tb.procti] [j] -tblike) ; 


} 

} 

tblike  =  tblike  /  norm; 


Histogram  selection  */ 

srandom ( ( int )  get_rand_seed { ) ) , 

rv  =  (random  0 *1 . 0) /MAXINT; 

i=0;j=0; 
while  (rv  >=  0)  { 

printfCi:  %d  D :  %d  rv:  %.2f  like, 
rv  =  rv  -  proc[i] [j] -tblike; 

if  (j  >  63)  {  3  =  0;  1++;  } 


%.2f\n",i, j,rv,proc[i] [j] -tblike) ;  */ 


if  (j  ==  0)  {  j  =  63;  i--;  ) 
else  {  j — ;  ) 


Convert  the  result  */ 

printfC'Max  frequency:  %d  %d  \n",i,j>; 

azelconvd,  j,  Scaz,  &el)  ; 
proc[0] .result  =  az; 
proc[l] .result  =  el; 
proc[l] [0] .result  =  i; 
proc[l] [1] .result  =  j; 

print  results  */ 

print f ( "Track  BirthXn" ) ; 

printf ( "Chose:  %f  %f  Liklihood: 

return  result; 


%f  \n",az,el,proc[i] [j] .tblike) ; 


tinclude  <stdio.h> 
#include  <mpl.h> 

# include  "head.h" 


^**ie**'kifkie'kifkie*’ie'kir-k’k‘k  TRACK  DE*ATH 
plural  float  t_death (plural  float  *Data,  float  config[][2],  int  M) 


plural  float  td  =  0,  dt[2],  t[2],  sumsq,  sioin; 
int  i,j; 

for(i=0;i<M;i++)  { 
dt[0]  =  0; 
dt[l]  =  0; 
for ( j=0; j<M; j++)  { 
if  { 1 (i  ==  j) )  { 

my_data(config[j] [0] ,config[j] [1]  ,1, 0, 0, 0,t)  ; 
dt[0]  =  dt[0]  +  t[0];  dt[l]  =  dt[l]  +  t[l]; 

} 

} 

sumsq  =  (dt[0]  -  Data[0])  *  (dt[0]  -  Data[0])  + 
(dt[l]  -  Data[l])  *  (dt[l]  -  Data[l]); 
my_reduce_y (-sumsq,  tsum) ; 
proc[0] [i] .td  =  proc[63] [0] .sum; 


return  td; 


200 


/*  This  routine  converts  an  x,y,z  position  into  an  azimuth,  elevation 
pair  in  the  array  config.  */ 

#include  <stdio.h> 

#include  <math.h> 

void  xyz2azel ( float  pos[3],  float  config [2]) 

{ 

float  pi; 

/*  printf ( “xyz2azel:  in:  %.2f  %.2f  % .2f \n" ,pos [0] ,pos [1] ,pos [2] ) ; */ 

if  (pos[0]  ==  0.0  &&  pos[l]  ==0.0)  { 
config[0]  =  0;  config[l]  =  0; 

}  else  { 

pi  =  atan (1.0)  *  4 ; 

config [ 0 ] =asin (pos [ 2 ] /sqrt (pos [ 0 ] *pos [ 0 ] +pos [ 1 ] *pos [ 1 ] +pos [2 ] *pos [ 2 ] ) ) 

config [l]=asin(pos [1] /sqrt (pos [0] *pos [0] +pos [1] *pos[l] ) ) ; 

printf ("config [1] :  %.2f\n" ,config[l] ) ; 

if  (pos[0]  <  0)  config[l]  =  pi  -  config[l]; 

if  (pos[l]  <  0  &&  pos[0]  >  0)  config [1]  +=  2  *  pi; 

config[0]  =  config[0]  *  180  /  pi; 
config[l]  =  config[l]  *  180  /  pi; 

} 

/*  printf ( "xyz2azel;  out:  %.2f  % .2f\n" , config [ 0] , config [1] ); */ 


1 
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The  current  directory  is: 

~atr/demo/sgi 

This  directory  contains  the  C  program 
display_rps .  c 

Which  is  responsible  for  displaying  the  results  of  orientation 
estimation  using  simulated  range  profile  data.  The  program  receives 
orientations  and  range  profile  data  from  the  mpp  program  via  a 
socket  connection,  uses  routines  from  the  standard  SGI  graphics 
library  to  draw  range  profiles  and  uses  the  routines  in  the 
directory : 

~atr/demo/sgi/lib 

to  do  the  3-D  rendering  of  the  aircraft  at  various  orientations. 

See  the  source  code  for  further  comments. 


202 


display_rps 


*  by  I  Mohaininad  Faisal  and  Stsva  Jacobs 

*  comments;  Steve  Jacobs 


************************************************************************* 

* 

★ 

*  This  program  is  responsible  for  visulaization  of  the  results  of  our  ^ 

*  joint  tracking  and  orientation  estimation  algorithm.  In  particular, 

*  both  true  and  estimated  orientations  are  provided  by  the  estimation  ^ 

*  algorithm  to  this  display  program  via  a  socket  connection.  This  * 

*  program  reads  the  values  from  the  socket,  draws  a  3-D  rendering  of 

*  the  target  at  the  various  orientations  and  draws  colored  traces  to 

*  represent  the  range  profiles.  The  nature  of  socket  communication  * 

*  requires  a  high  degree  of  coordination  between  estimation  algorithm 

*  and  this  program.  What  follows  is  a  brief  outline  of  the  program  * 

*  structure .  * 

* 

*  open  windows,  initialize  graphics  ^ 

*  open  socket  _  ^ 

*  for  each  invocation  of  orientation  estimation 

*  read  true  orientation 

*  display  target  at  true  orientation  * 

*  read  observed  range  profile  * 

*  display  observed  range  profile  * 

*  for  each  orientation  estimate 

*  read  estimated  orientation  * 

*  .  display  target  at  estimated  orientation  * 

*  for  final  estimate  only  * 

*  read  estimated  range  profile  * 

*  display  estimated  range  profile  * 


#include  <stdio.h> 

# include  <math.h> 

#include  <sys/stat.h> 

#include  <strings.h> 

/*  SGI  graphics  libraries  */ 

#include  <gl/gl.h> 
tinclude  <gl /device. h> 

/*  The  header  file  flip.h  and  the  C  code  in  flip.c  contain  the 
routines  flip_read  and  flip_draw.  These  routines  are  used  for 
reading  data  and  performing  the  display,  respectively,  of  a  3-D 
rendering  of  the  target.  */ 

#include  <flip.h> 

/*  font  manager  libraries  */ 

# include  <fcntl.h> 

# include  <fmclient.h> 
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/*  The  parameter  NUM_DIFF  defines  the  fixed  number  of  iterations 
of  the  orientation  estimation  procedure  which  will  be  performed 
each  time  it  is  called.  The  value  set  here  must  be  equal  to  that 
defined  in  the  mpp  software  which  perfroms  orientation  estimation 
so  that  this  display  program  will  know  how  many  orientation 
estimates  will  accompany  each  true  orientation.  */ 

#define  NUM_DIFF  4 

long  estwin, truewin, f lipwin,  true_rp_win,  est_rp_win; 

Object  axis; 

float  vertnew[2]; 

/*  The  following  declarations  and  initializations  are  necessary  for 
displaying  a  3-D  rendering  of  the  target  of  interest.  These  lines 
were  copied  from  a  similar  program  written  by  rst.  */ 

/*  global  structures  for  lighting  parameters  */ 

Matrix  Identity  ={1,  0,  0,  0,  0,  1,  0,  0,  0,  0,  1,  0,  0,  0,  0,  1}; 

/*  define  material  */ 

static  float  shufmat[]  =  { 

AMBIENT,  0.2,  0.2,  0.2, 

DIFFUSE,  0.2,  0.5,  0.7, 

SPECULAR,  0.5,  0.5,  0.5, 

SHININESS,  65, 

LMNULL, 

}; 

static  float  lt_front[]  =  { 

LCOLOR,  1.,  1.,  1., 

POSITION,  0.,  0.,  1.,  0., 

LMNULL 

}; 

static  float  mat[]  =  { 

AMBIENT,  0.,  0.,  0., 

DIFFUSE,  0.5,  0.5,  0.5, 

SPECULAR,  1,  1,  1, 

SHININESS,  64, 

LMNULL, 

}; 

/*  Because  dec  and  SGI  have  different  standards  for  the  representation 
of  integer  and  floats,  any  data  which  is  communicated  from  the  mpp 
to  an  SGI  machine  must  undergo  byte  swapping  in  order  to  retain 
its  intended  numerical  value.  The  following  routine  for  performing 
byte  swapping  was  copied  from  another  file.  The  routine  was  written 
by  rst .  *  / 

void  swap_it (data) 

unsigned  char  *data; 

{ 

unsigned  char  cptr[2]; 

cptr[0]  =  data[0]; 
cptr[l]  =  data[l]; 


data[0]  =  data [3]; 
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data[l]  =  data[2]; 
data [2]  =  cptr[l]; 
data [3]  =  cptr[0]; 


/*  The  following  routine,  also  written  by  rst,  is  responsible  for 
reading  data  from  a  communication  socket  which  has  already  been 
established.  */ 

int  read_sock(sock,ptr, sz) 
int  sock,sz; 
char  *ptr; 

{ 

int  rd=0; 
int  ret; 

while  (rd  <  sz)  { 

ret  =  read ( sock, ptr, sz-rd) ; 
if  (ret  <=  0)  return(ret); 
ptr  +=  ret; 
rd  +=  ret; 

} 

return (rd) ; 


main ( ) 

{ 

int  i, j , k, l,dif f_count; 
int  sock; 

float  pitch,  yaw,  roll; 
float  est_pitch,  est_yaw,  est. 

char  f namel [20] ; 
char  name [80]; 
unsigned  char  test_flag; 
f 1 ip_type  f t_X2  9 ; 
float  recv_temp; 
float  true_rp [1024] ; 
float  est_rp[1024] ; 

Object  line_a,  line_b; 
float  true_max; 
f mf onthandl e  fontl,  fontlS; 
int  dev; 
short  val; 


/*  generic  loop  indices  */ 

/*  id  for  communication  socket  */ 

/*  orientation  angles  */ 

.roll; 

/*  estimates  of  orientation  angles  */ 

/*  file  name  for  3-D  target  model  */ 

/*  storage  for  window  names  */ 

/*  flag  for  checking  socket  performance  */ 

/*  identifier  for  3-D  rendering  of  target  */ 

/*  storage  for  data  received  from  socket  */ 

/*  observed  range  profile  */ 

/*  rp  from  library  at  estimated  orienataion  */ 
/*  graphics  objects  for  drawing  rp's  *! 

/*  maximiam  value  of  true  range  profile  */ 

/*  handles  for  times-roman  font  */ 

/*  storage  for  ESC  key  window  exiting  */ 

/*  storage  for  ESC  key  window  exiting  */ 


/*printf ( "JUPITER:  show_rps  is  runningXn"); 
fflush(stdout) ; */ 

/*  Initialize  fontmanager,  set  up  fonts  */ 
fminit { ) ; 

if  ( (fontl=fmfindfont ( "Times-Roman") )  ==  0)  exit(l); 
fontlS  =  fmscalefont (fontl,15.0) ; 
fmsetfont (fontlS) ; 

/*  Initialize  graphics.  */ 


if  (dglopen( " jupiter: 0" ,DGLLOCAL)  <  0)  { 
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printfCdgl  open  error\n“); 
exit ( ) ; 

} 

/*  Read  data  for  3-D  rendering  of  target  */ 

sprint f (fnamel, "plane.binNO" ) ; 
flip_read(fnamel,&ft_X29)  ; 

/*  Open  all  graphics  windows  */ 

window_opening ( ) ; 

/*  Create  graphics  object  for  x-axis  in  range  profile  windows  / 
makeaxis ( ) ; 

/*  Establish  id's  for  graphics  objects  */ 

C 

axis  =  1;  line_a  =  2;  line_b  =  3; 

/*  The  routine  recvinit_p  will  accept  wait  for  an  attempt  by  the 
mpp  to  establish  a  communication  socket,  and  establish  it  once 
the  attempt  is  made.  This  command  must  be  executed  before  the 
mpp  executes  its  sendinit_jupiter  command.  recvinit_p  is  included 
with  this  program  by  virtue  of  the  -Isock  option  in  the  command 
line  which  is  used  to  compile  this  program.  */ 

printf ("JUPITER;  ready  to  open  socketXn"); 

fflush(stdout) ; 

sock  =  recvinit_p(1989); 

printf ("JUPITER:  socket  has  been  opened\n"); 
f flush (stdout) ; 

/*  What  follows  is  the  main  loop  of  the  program.  True  and  estimated 
orientations  and  associated  range  profiles  are  read  from  the 
socket  and  displayed  in  appropriate  windows  */ 

1  =  0; 

while  (MqtestO  &&  (dev=qread(&val) )  ==  ESCKEY  val  ==  0)  ) 
1++; 

winset (truewin) ; 
reshapeviewport ( ) ; 
winset (true_rp_win) ; 
reshapeviewport ( ) ; 
winset (flipwin) ; 
reshapeviewport ( )  ; 

/*printf ( "Waiting  for  first  socket  communicationXn" ) ; */ 

/*  Wait  for  arrival  of  test_flag  before  proceeding  with  socket 
communications  */ 

while (recvmine (sock, S:test_f lag, sizeof  (test_f lag)  )  !=  1); 

/*printf ("test_flag  =  %d\n” , test_flag) ; */ 
if(test_flag  ==  5) { 

/*  Read  true  orientation  from  socket  */ 
read_sock(sock,  S:pitch,4); 
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swap_it (&pitch) ; 
read_sock(sock,  &yaw,4); 
swap_it  (&yaw)  ; 
read_sock(sock,  &roll,4); 
swap_it (&roll) ; 

/*printf ( " jup  actual:  pitch  =  %f  yaw  =  %f  roll  =  %f\n", pitch,  yaw, 

printf{"%f  \t  %f  \t  %f  \n",  pitch,  yaw,  roll); 
f flush (stdout) ; 

} 


true_inax  =  0.0; 

/*  Wait  for  arrival  of  test_flag  before  proceeding  with  socket 
communications  */ 

while (recvmine (sock, &test_f lag, sizeof (test_flag) )  !=  1) ; 

/*  Read  true  range  profile  from  socket  */ 

for  (i=0;  i<1024;  i++) 

{ 

read_sock(sock,  true_rp+i,  4); 
swap_it (true_rp+i) ; 

/*  retain  maximum  value  of  true  range  profile  */ 

if  (true_rp[i]  >  true_max) 

true_max  =  true_rp [ i ] ; 

} 

/ ‘print f ("True  rp  max  value  =  %f  \n" , true_max) ; */ 

/*  Cretae  graphics  object  for  range  profile  */ 

makeobj (line_a) ; 
bgnline ( ) ; 

for  ( j=0; j<1024; j++) 

{ 

vertnew [ 0 ]  =  j ; 
vertnew [ 1 ]  =  true_rp [ j ] ; 
v2f (vertnew) ; 

} 

endline ( ) ; 
closeobj ( ) ; 

/*  Draw  axis,  true  range  profile.  */ 
winset (true_rp_win) ; 

ortho2 ( 0 , 1024 , -true_max/20 , true_max) ; 

puslmnatrix  ( )  ; 

color (BLACK) ; 

clear ( ) ; 

color (BLUE) ; 

linewidth(l) ; 

callobj (axis) ; 

color (RED) ; 

linewidth (1) ; 

callobj (line_a) ; 

popmatrix ( ) ; 

swapbuf fers ( ) ; 


roll) ;* 
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/*  The  following  loop  displays  orientation  estimates  as  read  from 
the  sockets.  As  the  estimation  algorithm  is  executed  NUM_DIFF 
times,  there  are  NUM_DIFF  +  2  orientation  estimates,  provided 
in  the  following  order: 

Initial  guess 
Nearest  grid  point 
NUM_DIFF  estimates. 

For  all  except  the  last  estimate,  only  the  orientation  is 
sent  accross  the  socket.  For  the  last  estimate,  both  the 
orientation  and  the  corresponding  range  profile  are  sent 
and  displayed.  */ 

for  (dif f_count=0;dif f_count< (NUM_DIFF+2) ;diff_count++)  { 

/*  Wait  for  arrival  of  test_flag  before  proceeding  with  socket 
communications  */ 

while (recvmine (sock, &test_flag, sizeof (test_flag) )  !=  1) ; 

/*  Read  orientation  guess  from  socket.  */ 

read_sock(sock,  &est_pitch, 4) ; 
swap_it (&est_pitch) ; 
read_sock(sock,  &est_yaw, 4) ; 
swap_it  (&est_yaw)  ,- 
read_sock (sock,  &est_roll, 4) ; 
swap_it (&€St_roll) ; 

/‘printf ("jup  guess:  pitch  =  %f  yaw  =  %f  roll  =  %f \n" , est_pitch,  est_yaw, 

est_roll) ; */ 

fflush(stdout) ; 


/*  Draw  3-D  rendering  of  target  at  true  orientation.  */ 

winset (truewin) ; 
czclear (0x000000,  0x7fffff); 
pushmatrix ( ) ; 
pushmatrix (); 

RGBcolor  (0,255,255) ; 
cmovi (-4,5,0); 
sprint f (name, "TRUE" ) ; 
fmprstr (name) ; 
popmatrix ( ) ; 
rot (-90, 'y' ) ; 
rot  (-90 ,  'X' )  ,- 
rot ( 0 , ' z ' ) ; 
rot (180-yaw,  'z'); 
rot (pitch,  'X'); 
rot (-roll,  'y'); 
scale(15,15, 15) ; 
f 1 ip_draw ( f  t_X2  9 ) ; 
popmatrix  ( )  ,- 
swapbuf f ers ( )  ; 

/*  Draw  3-D  rendering  of  target  at  guessed  orientation.  */ 

winset ( f lipwin) ; 

czclear (0x000000,  OxVfffff ) ; 

pushmatrix ( ) ; 
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pushmatrix ( )  ; 

RGBcolor( 0,255, 255)  ; 

cmovi (-4,5,0)  ; 

sprintf (name, "ESTIMATE" ) ; 

fmprstr (name) ; 

popmatrix ( ) ; 

rot (-90, 'y' ) ; 

rot (-90, 'X' ) ; 

rot ( 0 , ' 2 ' ) ; 

rot  (180-est_yaw,  '2'); 
rot (est_pitch,  'x'); 
rot (-est_roll,  'y'); 
scale (15, 15,15) ; 

RGBcolor (0 , 255 , 255) ; 
f 1 ip_dr aw ( f t_X2  9 ) ; 
popmatrix ( ) ; 
swapbuf fers ( ) ; 

/*printf (" Iteration  number  =  %d\n ",!);*/ 

/*  If  this  is  the  last  estimate,  print  out  estimated  angles*/ 

if  (diff_count  ==  NUM_DIFF  +  1) 

printf("%f  \t  %f  \t  %f  \n",  est_pitch,  est_yaw,  est_roll) 

/*  If  this  is  the  last  estimate,  read  estimated  range  profile  and 
display.  */ 


if  (diff_count  ==  NUM_DIFF  +1)  { 

while  (recvmine  (socle,  S:test_f  lag,  si2eof  (test_flag) )  !=  1)  ; 

/*  Read  estimated  range  profile  from  socket  */ 

for  (i=0;  i<1024;  i++) { 

read_sock(sock,  est_rp+i,  4) ; 
swap_it (est_rp+i) ; 


/*  Create  graphics  object  for  estimated  range  profile  */ 

makeobj (line_b) ; 
bgnline ( ) ; 

for  ( j=0; j<1024; j++) 

{ 

vertnew I 0 ]  =  j ; 
vertnew[l]  =  est_rp[j]; 
v2f (vertnew) ; 

} 

endline ( ) ; 
closeobj ( ) ; 

/*  Draw  axis,  estimated  rp.  */ 

winset (est_rp_win) ; 

ortho2 (0,1024, -true_max/20 , true_max) ; 

color (BLACK) ; 

clear ( ) ; 

color(BLUE); 

linewidth(l) ; 

callobj (axis) ; 
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color (YELLOW) ; 
linewidthd)  ; 
callobj (line_b) ; 
swapbuf fers ( )  ; 


} 

/*  If  this  is  the  next-to-last  estimate,  clear  the  window  for 
estimated  range  profile.  */ 

else  if  (diff_count  ==  NUM_DIFF)  { 

/*printf { "Clearing  est_rp_win  \n");*/ 
winset {est_rp_win) ; 
color (BLACK) ; 
clear ( ) ; 

} 

} 


/*  Program  complete.  Close  socket.  */ 

/*printf ( "JUPITER:  ready  to  close  socket \n" ); */ 
fflush(stdout) ; 
close ( sock) ; 

/*printf ( "JUPITER:  socket  closed\n" ) ; */ 
fflush(stdout) ; 
gexit ( ) ; 


void  window_opening ( ) 

{ 

/*  Open  window  for  3-D  target  display.  Initialize  graphics  parameters 
for  this  window.  */ 

noborder ( ) ; 

prefposition(0, 200, 300, 500)  ; 
foreground ( ) ; 

truewin  =  winopen ( "truth" ) ; 
color (BLACK) ; 
clear ( ) ; 

qdevice(ESCKEY) ; 

RGBmode ( ) ; 
doublebuffer ( ) ; 
gconf ig ( ) ; 

lsetdepth(0,  0x7fffff); 

zbuffer(TRUE) ; 

mmode (MVI EWING) ; 

loadmatrix (Identity) ; 

ortho (-10, 10, -10, 10, -2*10, 2*10)  ; 

czclear (0x000000,  0x7fffff ) ; 

/*  material  and  lighting  definitions  */ 

Imde  f ( DEFMATERIAL ,  1 ,  0 ,  mat); 

Imdef (DEFLIGHT,  1,  0,  lt_front); 

Imdef (DEFLMODEL,  1,  0,  NULL) ; 
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/*  material  and  lighting  bindings  */ 
Imbind (MATERIAL ,  1 ) ; 
lmbind(LMODEL,  1)  ; 

Imbind (LIGHTO,  1)  ; 
translate{0,  0,  -10); 


/*  Open  window  for  3-D  target  display.  Initialize  graphics  parameters 
for  this  window.  */ 

noborder ( ) ; 

prefposition (200, 400,300,500); 
foreground ( ) ; 

flipwin  =  winopen ( “plane" ) ; 
color (BLACK) ; 
clear ( ) ; 

qdevice(ESCKEY) ; 

RGBmode ( ) ; 
doublebuffer ( ) ; 
gconfig( ) ; 

lsetdepth(0,  0x7fffff); 

zbuffer(TRUE) ; 

mmode (MVIEWING) ; 

loadmatrix( Identity) ; 

ortho (-10, 10, -10, 10, -2*10, 2*10) ; 

czclear (0x000000,  0x7fffff); 

/*  material  and  lighting  definitions  */ 

Imdef (DEFMATERIAL,  1,  0,  mat) ; 

Imdef (DEFLIGHT,  1,  0,  lt_front) ; 

Imde  f ( DEFLMODEL ,  1 ,  0 ,  NULL ) ; 

/*  material  and  lighting  bindings  */ 

Imbind  (MATERIAL ,  1 )  ; 

Imbind (LMODEL,  1); 

Imbind (LIGHTO,  1)  ; 
translate(0,  0,  -10); 

/*  Open  window  for  true  rp  display.  */ 

noborder ( ) ; 

prefposition (0,200, 100,300) ; 
foreground ( ) ; 

true_rp_win  =  winopen( "true  range  profile"); 
color (BLACK) ; 
clear ( ) ; 

qdevice(ESCKEy) ; 

/*  Open  window  for  estimated  rp  display.  */ 
noborder ( ) ; 

prefposition (200, 400 , 100,300); 
foreground ( ) ; 

est_rp_win  =  winopen ( "estimated  range  profile*); 
color (BLACK) ; 
clear ( ) ; 

qdevice (ESCKEY) ; 

} 

void  ma)ceaxis  ( ) 

{ 
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/*  The  object  'axis'  is  simply  a  line  across  the  bottom  of  the 
rp  display  window  */ 

makeobj (axis) ; 
bgnline ( ) ; 

vertnew [ 0 ]  =  0  ; 
vertnew [ 1 ]  =  0  ; 
v2f (vertnew) ; 
vertnew[0]  =  1023; 
vertnew [ 1 ]  =  0 ; 
v2f (vertnew) ; 
endline ( ) ; 
closeobj ( ) ; 

} 
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Automated  Target  Tracking  and 
Recognition  Using  Jump-Diffusion 

Processes 

1.  Introduction 

1.1  Target  Tracking  and  Recognition 

Automated  target  tracking  and  recognition  are  well  known  problems  in  the  signal 
processing  and  control  system’s  literature.  They  belong  to  a  class  of  problems  which 
utihze  time  records  of  multiple  sensors  to  estimate  the  chaxaterstics  of  arriving  sig¬ 
nals.  The  goal  is  to  identify  and  track  the  motion  of  multiple  signal  sources  in 
the  observation  space  using  the  data  collected  from  various  observation  platforms. 
There  has  been  a  great  deal  of  published  work  in  the  control  literature  on  multiple 
target  tracking  posed  as  a  state  estimation  problem  [1,  2,  3,  4].  Much  of  it  involves 
the  use  of  Kalman  filter  based  techniques.  It  has  been  realized  that  the  observed 
data  are  non-linear  in  target  parameters  thereby  emphasizing  the  use  of  the  ex¬ 
tended  Kalman  filters.  This  represents  a  set  of  linear  approximations  valid  in  some 
particular  scenarios,  but  the  general  non-hnear  problem  remains  to  be  completely 
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solved.  Recently,  there  has  been  a  considerable  interest  in  tracking  the  directions  of 
arriving  signals  from  multiple  moving  sources  recorded  by  an  array  of  passive  sensors 
[5,  6,  7,  8,  9].  In  these  non-hnear  data  models,  several  variations  of  the  gradient 
based  techniques  axe  used  to  solve  the  problem  in  mostly  maximum-likelihood  set¬ 
tings.  But  most  of  the  workers  utilize  certain  simpHfying  assumptions  which  are  not 
always  valid  in  a  general  tracking  scenario.  For  example,  targets  may  be  assumed 
stationary  between  sample  times  with  multiple  (~  100)  snapshots  at  each  sample 
time  whereas,  in  general,  for  a  moving  target,  each  data  sample  reflects  a  new  po¬ 
sition.  Also,  though  even  some  researchers  mention  the  use  of  target  dynamics  for 
tracking,, .it  is  yet  to  be  adequately  utilized.  This  is  partly  due  to  the  simplifying 
assumptions  like  restricted  motion  and  partly  due  to  the  efforts  to  solve  the  tracking 
and  recognition  problems  separately.  In  part,  this  is  one  major  result  of  this  thesis. 

In  the  work  presented  here  we  define  a  random  sampling  based  solution  for  the 
tracking  and  recognition  problems  in  a  general  setting.  More  precisely,  the  problem 
is  defined  as  follows;  there  are  an  unknown  number  of  non-cooperative  signal  sources 
in  the  observation  space  of  the  sensor-system.  The  aim  is  to  identify  them  and  track 
their  motion  or,  in  other  words,  estimate  their  positions,  orientations  and  types  using 
the  observed  data.  The  observations  cire  collected  from  multiple  sensors;  a  narrow- 
band  sensor  array  providing  azimuth-elevation  data  for  object  tracking  (Figure  1.1), 
a  range  radar  providing  the  target  range  data,  or  various  wideband  radars  provid¬ 
ing  detailed  information  about  the  target-type  and  orientation.  Also,  for  moving 
targets,  we  model  a  data  sample  for  each  target  position.  As  in  [10],  we  utilize  the 
results  from  recognition  component  of  the  algorithm  to  improve  upon  the  tracking 
results.  In  fact,  we  observe  that  the  tracking  and  recognition  should  be  treated 
as  one  unified  problem  as  only  the  joint  solution  is  optimal.  The  rotational  and 
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Figure  1.1:  An  airplane  target  being  observed  by  a  uniforna  cross-array  of  sensors. 

translational-  motions  of  the  airplane  are  coupled  to  each  other  by  a  set  of  differ¬ 
ential  equations  modehng  the  motion.  It  results  in  a  dynamics-based  prior,  on  the 
airplane-positions,  parameterized  by  the  rotational  parameters,  thereby  connecting 
the  tracking  and  recognition  components  together. 

1.2  Bayesian  Posterior 

We  use  a  Bayesian  approach  by  defining  a  posterior  probability  on  the  space  of  tar¬ 
get  parameters  conditioned  on  the  set  of  observed  data.  Notice  that  the  posterior 
distribution  7rf(-)  changes  with  time  as  the  data  set  is  incremented  at  each  obser¬ 
vation  time  t.  The  parameter  set  describing  a  multiple  target  scene  includes  the 
positions,  orientations  and  target-type  associated  with  each  target  for  the  duration 
of  its  stay  in  the  scene.  The  targets  appear  and  disappear  from  the  scene  at  random 
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times  so  their  dwell  times  are  also  to  be  estimated  by  the  algorithm.  The  parameter 
space  is  defined  to  be  Xt  =  Um=o  a  countably  infinite  union  of  subspaces, 

each  corresponding  to  a  specific  value  of  M,  the  number  of  targets.  The  search 
for  estimates  is  performed  across  the  subspaces  Xt{M)  signifying  the  simultaneous 
model  order  estimation. 

We  utilize  the  collected  data  up  to  any  fixed  time  t  to  generate  minimum-mean- 
square-error  {MMSE)  estimates  of  the  parameters  describing  target  paths  from  ini¬ 
tial  time  to  to  t.  It  is  well  known  that  the  MMSE  estimate  is  the  conditional  mean 
of  the  parameter  under  the  posterior  distribution.  Therefore,  we  perform  a  ran¬ 
dom  samphng  from  the  posterior  distribution  at  time  t  based  on  Jump-Diffusion 
processes  to  estimate  these  conditional  means  [11,  12,  13]. 

We  assume  that  the  underlying  scene  consists  of  a  set  G  of  generators  g  eQ  which 
can  be  observed  by  an  ideal  (with  no  loss  of  information)  observer  and  are  completely 
parameterized  by  a  parameter  set.  The  actual  observer,  however,  may  only  be  able 
to  see  the  elements  with  loss  of  information  due  to  projection,  observation  noise 
and/or  hmited  accuracy  in  the  sensor.  Denote  the  operation  which  transforms  the 
ideal  G  into  some  data  set  /^,  by  P  :  ^  ,  where  V  is  the  deformation 

mechanism,  both  random  and  deterministic. 

Highly  probable  candidate  scenes  are  defined  via  a  posterior  probability  of  the 
parameter  vector  x  representing  ideal  G  given  the  measured  data  up  to  time  t, 

by 

z  z 
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where  Lt{x)  is  the  potential  associated  with  the  likelihood  of  the  data  I^{t)  and 
Pt{x)  is  the  potential  associated  with  the  prior  distribution  on  the  parameter  space 

In  the  problem  solved  here,  the  data  has  multiple  components  corresponding 
to  the  various  sensors: 

/?=(/?(l),/f(2),..,)  . 

We  only  include  two  sensor  systems,  one  for  tracking  and  one  for  high- resolution 
imaging.  For  tracking,  we  assume  a  narrowband  cross  array  sensitive  to  the  eleva¬ 
tion  and  azimuth  locations  of  the  tcirget,  and  a  range  radar  measuring  target  range 
locations.  The  likelihood  follows  from  a  standard  narrowband  signal  model  devel¬ 
oped  in  [14]  and  used  in  [15,  16,  17,  18,  19].  The  imaging  data  obtained  from  an 
optical  sensing  radar  is  modeled  as  the  2-D  orthographic  projection  of  the  true  3-D 
object  under  far  field  assumption. 

The  prior  on  airplane  motion  is  based  on  the  dynamics  oi  target  motion  and 
follows  that  described  in  Srivastava  et  al.  [17]  in  which  the  force  equations  governing 
the  motion  of  targets  are  utilized  to  form  a  prior  density  on  the  track  parameter 
space.  This  prior  combined  with  the  data  likelihood  forms  the  required  posterior 
distribution. 


1.3  Random  Sampling  Approach 

Our  approach  is  to  construct  a  jump-diffusion  Markov  process,  following  that  out¬ 
lined  in  Grenander  and  Miller  [11],  having  the  limiting  property  that  it  converges 
in  distribution  to  the  time  varying  Bayes  posterior  described  above.  This  jump- 
diffusion  Markov  process  {J*f(s),s  >  0}  samples  the  posterior  distribution  7rt(x) 
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defined  over  the  full  parameter  space  A'f,  i.e.  the  time  samples  of  the  process  visit 
the  elements  in  the  parameter  space  A'l  according  to  the  posterior  distribution.  More 
importantly,  the  samples  generated  by  this  Markov  process  can  be  utilized  to  em¬ 
pirically  reconstruct  the  posterior  distribution  or  to  evaluate  any  mean  associated 
with  it. 

The  estimation  process  is,  in  effect,  a  search  for  the  features  representing  an 
observed  scene.  These  features  can  be  of  continuous  type,  e.g.  the  target  positions 
in  3?^  and  orientations  in  A^(3)  or  of  discrete  types,  e.g.  the  number  of  targets 
M  €  ^  and  target-type  a  €  -4.  The  two  constituents  of  this  search,  i.e.  Jump  and 
Diffusion,  contribute  to  the  search  for  discrete  and  continuous  features,  respectively. 

1.4  Results  and  Contribution 

Here,  we  present  a  new  random  sampHng  algorithm  for  estimating  the  characteristics 
of  moving  signal  sources.  The  method  of  estimation  is  to  derive  a  single  posterior 
distribution  over  the  space  Xt  and  then  sample  it  via  a  Markov  process  X{s)  which 
satisfies  jump-diffusion  dynamics.  This  approach  solves  the  full  Bayesian  problem 
as,  in  theory,  no  approximation  is  necessary.  It  is  based  on  the  work  of  Grenander 
and  Miller  [11,  13,  12]  who  have  described  a  new  class  of  sampfing  algorithnos  for  a 
wide  variety  of  applications  including  image  analysis,  crystallography  and  stochas¬ 
tic  language  models.  These  algorithms  involve  stochastic  search  over  well  defined 
parameter  spaces  following  the  Bayesian  measures  on  these  spaces. 

An  implementation  of  this  algorithm  for  estimating  a  single  track  scene  is  pre¬ 
sented.  The  algorithm  was  jointly  implemented  using  a  Silicon  Graphics  workstation 
for  data  generation  and  visuahzation,  and  a  massively  parallel  4096  processor  SIMD 
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DECmpp  machine  for  implementing  the  tracking-recognition  algorithm.  It  includes 
generating  a  parameterized  target  path  using  the  Silicon  Graphics’  flight  simulator 
which  forms  the  true  conflguration.  Using  this  path  the  simulated  data  are  gener¬ 
ated  for  both  the  tracking  and  imaging  sensors.  The  generated  data  are  then  used 
in  the  estimation  process  to  obtain  the  MMSE  estimates  of  the  actual  flight. 

Chapter  2  lists  the  set  of  parameters  completely  describing  an  observed  scene 
and  outlines  the  estimation  problem.  The  posterior  distribution  on  the  parameter 
space  is  derived  in  chapter  3  by  describing  the  dynamics  based  prior  and  observed 
data  likelihoods.  An  estimation  algorithm  based  on  jump-diffusion  processes  is 
presented  in  chapter  4  along  with  the  important  theoretical  results  supporting  the 
algorithm.  Chapter  5  describes  the  use  of  a  jump-diffusion  algorithm  for  estimation 
of  a  single  track  configuration.  It  involves  the  implementation  across  machines 
such  as  the  Silicon  Graphics  workstation  and  the  DECmpp  12000  SIMD  machine 
connected  through  data  transfer  on  a  high  speed  network.  To  emphasize  the  use  of 
this  algorithm  for  multi-target  scenes  a  two-dimensional  (2-D)  scenario  is  explained 
in  chapter  6.  This  involves  tracking  the  direction  of  arrival  (DOA)  of  multiple  targets 
using  uniform  linear  array  of  isotropic  sensors  with  motion  restricted  to  the  2-D  plane 
containing  the  array.  The  problem  setup,  parameterization  and  implementation  are 
presented  along  with  the  results  for  multi-target  scene  estimation.  Some  ideas  for 
future  work  are  explored  in  chapter  7. 


A-16 


2.  Scene  Parameterization 


2.1  Parameter  Set 

We  use  the  global  shape  models  and  pattern  theoretic  approach  introduced  by 
Grenander  [20,  21]  to  analyze  complex  scenes.  As  the  basic  building  blocks  of 
the  hypotheses  we  define  a  subset  of  generators  Q°  ^  which  contains  each  target  type 
a  €  -4  placed  at  the  origin  of  the  inertial  reference  frame  at  a  fixed  orientation 
and  unit  scale.  The  fundamental  variability  in  target  spaces  is  accommodated  by 
applying  the  transformations  T{<f>),T{p),T{s)  to  the  templates  g°  6  6°  according 
to 

T{$)  : 


m  : 
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T{s)  : 


(2.3) 
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where  ^  is  the  triple  of  rotation  angles  (pitch,  roll  and  yaw),  p  is  the  translation 
vector,  and  s  is  the  scale  parameter.  These  parameterized  transformations  operate 
on  the  templates  from  G°  generating  the  full  set  of  elements  G.  The  observed  scene  at 
any  time  is  modeled  as  a  set  of  generators  G  =  {5r(l),g(2),  ..,g{M)},  each  generator 
g{m)  e  Q.  Then,  {a,^,p,s}  parameterize  the  representation  of  all  possible  targets 
generated  from  these  transformations.  Figure  2.1  shows  one  of  the  3-D  ideal  targets 
used  for  all  the  simulations  presented  here.  The  left  panel  shows  a  rendering  of  the 
target  generator  g^  €  G°  at  the  origin,  the  right  panel  showing  the  result  of  applying 
one  of  the  rotation  transformations  resulting  in 


Figure  2.1:  3-D  target  generator  g  eG°  the  origin  (left  panel)  and  after  applying 
a  rotation  transformation  (right  panel). 
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2.2  Parametric  Space 


The  set  parameterizing  the  Bayes  posterior  becomes  the  set  of  parameters  specify¬ 
ing  the  similarity  transformations,  as  well  as  the  airplane  type.  Define  the  space 
containing  orientations  $  as  the  three  dimensional  torus  M.{Z)  =  [0,27r]®  with  0,27r 
identified.  The  position  vector  p  belongs  to  3?^  with  the  scale  parameter  belonging 
to  Then  associated  with  each  target  or  generator  G  ^  at  any  time  r  is  a  pa¬ 
rameter  set  x{t)  =  {a(r),p(r),<?(T),s(T)}  e  M{3)  x  Ax^+,  where  \A\  =  \g°\ 
the  number  of  different  target  types. 

A  pattern  will  be  constructed  for  the  representation  of  the  multiple  track  scenes 
with  varying  track  lengths.  We  are  interested  in  tracking-recognition  in  non-cooperative 
environments  in  which  the  object  appears  and  disappears  at  random  times 
^(m)  j^g  g^-g^y  given  by  the  interval  =  [4'”^  Clearly, 

to  <  ^  ^  t,  for  the  observation  interval  [to,t].  Define 

to  be  the  set  of  parameters  associated  with  the  target  m  at  time  r  given  by 
{^”i)(r)  ,a(”*l(r)  ,5(’”^(r)}.  For  the  observation  period  [toji]  the  parameter 

vector  associated  with  the  complete  track  given  is 

/  \  Ti*") 

:  -r  e  G  (Af(3)  x^x^+xA) 

In  real  situations  with  discrete  observations,  the  tracks  get  discretized  to  observa¬ 
tion  times  1,2, _ t  G  ^  (assume  to  =  1  for  simplicity).  We  denote  the  discrete 

parameters  with  the  same  symbols  except  now  they  belong  to  discrete  sets,  i.e. 

6  N  and  =  {4”*^  -{■  1,...,4”*^  + Hence  the  parameter  set  as¬ 
sociated  with  the  discretized  track  k  G  given  is  an  element  of 

(Ad(3)  X  ^  X  X  A)^  \  Since  the  dwell  time  of  the  target,  given  by  is 
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unknown  a-priori  its  associated  parameter  set  is  an  element  of 


U  [M{3)x^  xdt+xA)  xK. 

The  parameter  vector  for  an  M-track  scene  becomes  the  collection  of  each  of  the 
single  track  parameter  sets,  element  of  Xt{M)  according  to 


f,(M)  = 

m—1 

^  (  t  (m)  \ 

€  MM)  =  n  U  (-WCS)  X  3?^  X  X  X  I  . 
m=l  J 

For  later  convenience  we  also  define  pt(M)  to  be  the  vector  having  elements  the 
position  components  for  all  tracks  and  ^t(M)  to  be  the  vector  containing  orientation 
components  of  all  tracks.  Since  M  is  unknown  we  define  the  complete  configuration 
space  Xi  over  which  the  estimation  is  performed  as 


[j  X{M)  . 

M=0 

The  estimation  problem  is  to  estimate  the  individual  configurations  as  well  as  the 
number  M.  In  the  work  presented,  only  rigid  transformations  are  used  with  s  =  1. 
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3.  Bayesian  Posterior 


We  take  a  Bayesian  approach  for  solving  the  estimation  problem  by  defining  a  pos¬ 
terior  probability  on  the  parameter  space  Xf.  As  the  posterior  distribution  is  pro¬ 
portional  to  the  product  of  the  prior  distribution  and  the  observed  data  hkelihood 
we  first  derive  a  prior  measure  on  the  parameter  space  followed  by  a  model  for  the 
data  generation  which  determines  the  likelihood  term. 

The  prior  measure  encodes  our  a-priori  information  about  the  parameters  to  be 
estimated.  In  particular  this  knowledge  can  come  from,  say,  the  airplane  dynamics, 
or  some  previous  knowledge  of  target  type  and  number  of  targets.  In  the  work 
presented  here,  we  utilize  the  set  of  Newton’s  second  law  bcised  equations  governing 
airplane  motion  to  generate  a  prior  distribution  on  the  airplane  paths.  The  prior  on 
the  orientation  parameters  is  based  on  the  von-Mises  density.  There  are  two  types  of 
data  sets  used  here:  the  tracking  data  collected  by  a  cross-array  of  isotropic  sensors 
and  the  imaging  data  generated  by  optical  sensing  radar.  The  likelihood  of  the 
tracking  data  follows  from  the  standard  narrowband  signal  model,  first  proposed  by 
Schmidt [14],  whereas  the  imaging  data  are  simply  given  by  the  far  field  projection 
of  the  actual  3-D  object. 

It  needs  to  be  emphasized  that  in  real  time  estimation  problems  like  these, 
where  the  data  set  is  augmented  at  every  observation  time,  the  posterior  distribu¬ 
tion  changes  with  time  t,  and  is  an  explicit  function  of  t  denoted  by  7rt(-),  t  £  K. 
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Therefore,  in  this  Bayesian  approach  the  estimates  are  generated  at  any  given  time 
conditioned  on  the  data  accumulated  up  to  that  time. 


3.1  Prior  Density  on  Parameter  Space  Xt 

The  formulation  of  the  prior  measure  on  the  airplane  positions  p(s)  is  based  on  the 
equations  of  motion  governing  the  airplane’s  flight. 

3.1.1  Analysis  of  Airplane  Motion 

First,  we  derive  the  prior  for  a  single  target  case  by  considering  its  underlying  con¬ 
tinuous  motion.  This  derivation  follows  the  description  in  [17],  where  the  equations 
describing  target  dynamics  are  utilized  to  form  a  prior  measure  on  the  airplane  posi¬ 
tions  p{s).  These  dynamics  are  easily  expressed  using  the  target  velocities  projected 
along  the  body-fixed  axes,  called  the  body-frame  velocities  ^(s),  as  shown  in  Figure 
3.1.  Since  the  tracking  array  responds  to  the  inertial  positions  of  the  target,  we 
use  the  standard  transformation  to  relate  body-frajme  velocities  with  inertial  frame 


Figure  3.1:  The  observed  target  located  at  position  p(s),  oriented  at  ^(s).with  body 
frame  velocities  u(s). 
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positions  given  by 


P{^)  =  f  HT)v{T)dT  +  p{to), 

Jto 


where  p{to)  is  assumed  known  and  #(r)  is  a  function  of  the  Euler  angles  <^(r)  given 
by 

10  0  cos(f>2{T)  0  sin<t>2{T) 

^('r)=  0  cos<j>i{T)  sin<f>x{T)  0  10 

0  — sm^i(r)  cos<j)x{T)  —sin<j>2{T)  0  cos<f>2{T) 

cos<I>z{t)  sin(j)z{T)  0 
X  —sin<j)z{T)  cos(j>z{T)  0  , 

0  0  1 

which  is  same  as  the  rotation  matrix  in  Eqn  2.1.  In  general,  #(r)  converts  any 
vector  in  the  body  frame  of  reference  to  the  corresponding  vector  in  the  inertial 
frame.  The  rotation  dynamics  are  described  in  terms  of  the  angular  velocities  ^s) 
which  are  the  known  functions  of  the  Euler  angles  ^(s)  and  their  rates  of  change 
(^(s)  ,  given  by  Eqn  9.4  ([22]). 

Following  the  rigid  body  analysis  in  [17],  we  neglect  the  earth’s  curvature,  motion 
and  wind  effects.  Then,  the  hnear  velocities  u(s)  and  the  angular  velocities  ^s) 
satisfy  the  following  set  of  differential  equations. 


«l(s)  -  93(5)u2(5)  +  g2(5)v3(5)  =  /l(s)  , 

t^(5)  +  93(5)ui(s)  -  qi{s)v3{s)  =  /2(s)  , 
-  q2{s)vx{s)  +  qi{s)v2{s)  =  /3(s)  , 
hqi{s)  -  {h  -  h)q2{s)q3{s)  =  ri(s) , 
7292(5)  -  {I3  -  71)91(5)93(5)  =  12(5) , 
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hqsis)  -  ih  -  72)92(5)91(5)  =  73(5)  , 


where  f{s)  =  [/i(5)  f2{s)  /3(5)]  is  the  vector  of  applied  translational  forces,  I  = 
[7i  I2  h]  is  the  vector  of  rotational  inertias,  and  r(s)  =  [ri(s)  r2(5)  73(5)]  is  the 
vector  of  applied  torques.  The  first  three  equations  describe  the  airplane’s  transla¬ 
tional  motion  while  the  next  three  describe  its  rotational  motion.  We  propose  to  use 
these  equations  to  derive  prior  densities  on  the  translational  and  rotational  motions. 
In  the  work  presented  here,  we  use  only  the  first  three  equations  for  deriving  priors 
on  the  positions  using  simple  Markov  priors  for  the  rotational  parameters  instead 
of  the  last  three  equations.  In  vector  form  the  first  three  equations  become 

v(s)  +  Ai(^(s),  ${s))v{s)  =  f{s)  (3.2) 

where 

0  -93(5)  92(5) 

Ai(^(5),^(s))  =  53(5)  0  —91(5)  , 

-92(5)  9i(s)  0 

the  angulax  velocities  ^s)  being  determined  by  the  Euler  angles  ${s)  and  their  rates 
of  change.  Since  the  eigen  values  of  Ai{(f>{s),(f>{s))  lie  on  the  imaginary  axis,  this 
system  is  not  stable.  Following  standard  treatments  (see  [22]  for  example),  we  add 
a  term  Gv{s)  to  the  force  vector,  which  provides  a  linear  stabilizing  feedback  to  the 
system.  A  simple  diagonal  gain  matrix  G  is  used,  with  the  resulting  system  equation 
given  by 

v{s)  -t-  A{${s),  ${s))v{s)  =  f{s),  (3.3) 
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where  A{<f>{s),  <f>{s))  =  Ai{<p{s),<f){s))  —  G.  This  Hnear  vector  differential  equation  is 
characterized  by  the  time- varying  parameter  matrix  A(<^(s),  ^(5))  which  depends  on 
the  rotational  motion  of  the  airplane.  The  prior  is  induced  following  the  approach 
in  Amit  et  al.  [23]  and  used  in  [17]  by  assuming  the  forcing  function  to  be  a 
white  process  with  fixed  spectral  density  ctq.  As  the  equations  are  hnear  in  velocity 
vector  this  induces  a  Gaussian  prior  on  i;(s)  conditioned  on  the  Euler  angles  with  the 
covariance  determined  by  solving  the  differential  equation  3.3  as  shown  in  Appendix 
2.  This  covaxiance  function  is  given  by  (Eqn  9.5), 


The  covaxiance  of  the  Gaussian  density  on  inertial  positions  becomes 


^p(<Si,52)=/  /  ${ri)X:v(Ti,r2)$^(T2)dTidT2  .  (3.5) 

J  to  Jto 


Notice  that  this  covariance  function  is  parameterized  by  the  sequence  of  airplane 
orientations  thereby  demonstrating  the  fundamental  connections  between  the  track¬ 
ing  and  recognition  algorithms.  For  M  targets,  the  prior  density  is  the  product  of 
individual  Gaussian  densities  of  each  target.  The  Gibbs’  potential  associated  with 
that  prior  density  on  the  set  of  inertial  positions  can  be  written  as 

m(M))  =  izs) 

where  Kp  (obtained  using  covariance  function  fZp)  is  the  Sum  x  Sum  covariance 
matrix  of  the  position  vector  pt{M),  and  um  =  the  total  number  of 

track-segments  in  Xt{M). 


3.1.2  Prior  on  Rotational  Motion 


In  this  work,  we  utilize  a  von-Mises  prior  on  the  orientation  angles  ^  =  [^i,  (^2,  ^3]  6 
M{3)  (pitch,  roll  and  yaw).  For  simplification,  it  is  assumed  that  the  three  angles  are 
statistically  independent  of  each  other  (even  though  they  are  known  to  be  related). 
For  circular  parameters  the  von-Mises  density  is  analogous  to  the  normal  distribution 
on  the  real  line  [24,  25].  The  Gibbs’  potential  associated  with  the  prior  on  the 
rotational  motion  of  M  targets  is  given  by 


mtiM)) 


»=1 


(3.7) 


where  «  >  0  is  called  the  concentration  parameter.  The  prior  potential  on  the 
complete  parameter  space  Xt  given  M  becomes 


Pt{x,{M))  =  +  PtiMM)) 


3.2  Data  Likelihood 

In  this  section,  we  derive  the  likelihood  of  collected  data  conditioned  on  a  given 
set  of  parameters.  There  are  two  sensor  types  in  our  problem,  a  tracking  sensor, 
consisting  of  an  array  of  passive  sensors  and  a  range  radar,  and  a  high-resolution 
imaging  sensor. 

3.2.1  Tracking 

For  azimuth-elevation  coordinate  tracking,  a  cross  array  of  isotropic  sensors  (Figure 
3.2)  is  assumed  as  in  [15,  16,  17,  18]  using  the  standard  narrowband  signal  model 
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(P1  ■  P2’  P3) 


Uniform  ““ 
Cross-Array 


Figure  3.2:  The  figure  displays  the  cross  array  of  isotropic  sensors  at  half  wavelength 
spacing,  which  observes  the  angular  location  of  the  target. 


developed  in  [14].  Accordingly  the  signal  arriving  at  the  sensors  is  assumed  to  be 
in  a  relatively  small  band  in  the  frequency  spectrum,  such  that  the  signal  ampli¬ 
tudes  remain  approximately  constaat  as  wavefronts  traverse  the  array  with  only 
difference  among  the  signals  reaching  different  elements  being  due  to  the  relative 
phase  lags.  Depending  on  the  geometry  of  the  sensor  arrangement,  determining 
the  array-manifold,  these  phase  lags  are  known  functions  of  the  source  locations 
(Appendix  1).  The  amplitudes  of  the  arriving  signals  s{k)  caja  be  modeled  either 
as  imknown  deterministic  values  or  as  random  variables.  In  this  work,  we  assume 
the  deterministic  signal  model  in  which  the  measurements  yi{k)  are  Gaussian  dis¬ 
tributed  with  mean  given  by  the  signal  component.  Accordingly,  the  expression  for 
sensor  response  to  M  signal  sources  at  locations  with  amplitudes 
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s{k)  =  [s^(^)  ,..,5-^(A:)]  is 

M 

m)  =  E  d(^’"\k))l^^„■,(k)s^’"\k)  +  n,{k)  ,  (3.8) 

m=l 

where  ni(fc)  is  a  0-mean  complex  Gaussian  noise  vector  of  the  Goodman  class  with 
covariance  cr^/,  l^m){k)  selects  the  targets  that  contribute  in  the  signal  at  time 
k,  and  is  the  Vandermonde  direction  vector  corresponding  to  target, 

described  in  Appendix  1.  In  a  general  problem,  the  signal  amplitudes  are  also 
to  be  estimated  from  the  collected  data.  But  we  focus  on  the  estimation  of  the 
target  positions  by  assuming  the  signal  amplitudes  to  be  known.  The  ambient 
noise  surrounding  the  sensor  elements  is  modeled  as  a  white  Gaussian  process,  i.e. 
the  noise  samples  added  to  the  signal  at  diiferent  sensors  or  different  times  are 
uncorrelated. 

The  set  of  tracking  data  collected  up  to  time  t  is  given  by  (1)  =  {yi(fc)  :  k  G 
{1,  and  the  likelihood  of  these  data  has  the  Gibbs’  potential 

1  t  M 

LUx,(M))  =  --I  E  -  E  . 

*=1  m=l 

3.2.2  Imaging 

While  the  statistical  models  for  high-resolution  radax  imaging  are  being  incorporated 
in  this  problem  by  others  ([26,  27,  28,  29,  30,  31]),  all  of  the  results  shown  here  are 
based  on  an  optical  imaging  system.  In  this  system,  the  data  are  a  sequence  of 
2-D  images  resulting  from  projecting  the  target  onto  the  focal  plane  of  the  imaging 
sensor;  i.e.,  the  deformation  of  the  imaging  process  of  ideal  targets  is  assumed  here 
to  be  far  field  orthographic  projection.  This  projection  'P{-)  defines  the  deterministic 
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operation  of  imaging  the  scene  containing  multiple  objects, 


P  :  3?^  3^  , 

where  V  is  the  imaged  space  and  C  is  the  discrete  lattice  on  which  the  3D  volume  is 
projected.  This  projection  is  described  as  follows:  we  deline  a  scene,  or  a  configura¬ 
tion  of  multiple  generators  g(l),g{2),  ..g{M)  to  be  the  generators  placed  and  oriented 
according  to  their  associated  parameter  vector.  Then  the  volume  V  containing  the 
generators  is  projected  onto  jC  using  far  field  orthographic  assumptions  as  shown  in 
the  Figure  3.3.  Since  the  parameter  set  Xt{M)  completely  determines  the  imaged 
volume,  we  can  also  write  the  projection  as  an  operation  from  the  parameter  space 
to  3?^,  i.e.  V  \  Xt  3J^. 

We  choose  the  lattice  to  be  an  £  =  64  x  64  array  implying  the  imaging  data 
at  time  k  form  the  set  of  64  x  64  grey  scale  pixel  values  y2{k)  G  [0,255]®^^®"*.  For 
simulations,  V  is  implemented  using  the  Silicon  Graphics  imaging  system.  For  the 
implementation  presented  here,  a  Gaussian  noise  model  was  used,  with  the  measured 
data  for  the  set  of  M  targets  having  mean  given  by  the  projection  of  M  targets.  For 
the  scene  containing  M  targets  the  likelihood  potential  becomes 

X?(£,(M))  =  E  -  n?.  W)IP  (3-9) 

k=l 

where  ||  •  ||  represents  matrix  2-norm,  and  <7^  is  the  noise  power. 

The  imaging  data  set  up  to  time  t  axe  given  by  If  (2)  =  {y2{k)  :  A:  G  {1, .,  t}},  and 
the  complete  data  set  becomes  Tf  =  {i^(l),  7^(2)}.  The  combined  data  likelihood 
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2D  Lattice 


Figure  3.3;  Tiie  projection  transformation  V  converting  a  3D  volume  into  a  2D 
image  on  a  discrete  lattice  £  for  a  single  target. 

has  potential 


L,(x,{M))  =  L\(x,(M))  +  L'i(x,(M)) 

T  t  M 

=  -ziE \ydi=) -  E 

fc=l  m=l 

^^2  k=\ 


Shown  in  Figure  3.4  are  four  samples  of  the  imaging  data  for  ^  single  target 
scene.  It  shows  the  ideal  projected  onto  a  2-D  lattice  with  additive  noise  at  four 


Figure  3.4:  The  figure  shows  the  target  projected  onto  a  64  x  64  2-D  lattice  with 
additive  noise  at  four  different  time  instants. 


different  time  instants.  Figure  3.5  shows  the  spatial  power  spectrum  of  the  tracking 
data  generated  using  the  minimum  variance  distortionless  response  (MVDR)  [35] 
spectral  analysis  at  four  instants  of  time,  plotted  in  the  azimuth-elevation  plane 
(bright  is  low  power,  dark  is  high  power). 

Remark:  For  observing  the  range  locations  of  the  targets,  a  rainge  radar  is 
assumed  with  the  observations  modeled  as  normally  distributed  with  mean  |p(fe)|, 
the  2-norm  of  the  position  vector  at  time  k. 
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Figiire  3.5:  The  figure  shows  the  azimuth-elevation  spatial  power  spectrum  of  the 
narrowband  tracking  data  generated  via  MVDR  method  at  four  different  instants 
of  time  (bright  is  low  power,  dark  is  high  power). 


3.3  Bayesian  Posterior 


The  posterior  distribution  is  obtained  as  the  product  of  the  data  likelihood  and 
the  prior  distribution  using  Bayes’  rule.  The  posterior  distribution  in  Gibbs’  form 
becomes 


7rt(ft(M)|M) 


Z{M) 

_J_p-(^’t(if.(A/))+L,(xt(M))) 

Z{M) 
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where  Lt{xt{M))  is  the  potential  associated  with  data  Hkelihood,  and  Pt{xt{M))  is 
the  potential  associated  with  the  prior  distribution  on  the  parameter  space  Xt{M). 

So  far  we  have  defined  a  family  of  posterior  distributions  each  associated 

with  a  subspace  Xt{M)  such  that 

where  dxM  is  the  appropriate  Lebesgue  measure  associated  with  the  space  in  which 
Xt{M)  is  an  element.  The  distribution  over  the  complete  parameter  space  Xt  is 
defined  as  the  convex  combination,  i.e.  where 

Y1m=qP{^)  =  1  is  defined  in  the  sense  that  for  any  S  C  Xt^ 

OO 

M=0 

Having  derived  a  posterior  meeisure  over  the  complete  parameter  space  we  now 
describe  an  estimation  procedure  based  on  the  jump-diffusion  random  sampling 
algorithm. 
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4.  Estimation  Through  Random  Sampling 


4.1  Random  Sampling 

Random  sampling  from  a  probability  measure  over  a  state  space  refers  to  drawing  the 
elements  from  that  space  according  to  that  fixed  probability  measure.  The  samples 
are  generated  via  a  Markov  process  which  visits  the  elements  of  the  state  space 
with  the  frequencies  proportional  to  that  probability  measure.  This  implies  that 
the  empirical  averages  generated  from  the  samples  of  the  Markov  process  converge 
to  their  conditional  means  under  the  given  density. 

4.1.1  Why  Random  Sampling 

The  estimates  are  obtained  on  the  beisis  of  MMSE  criterion  which  minimizes  the 
cost  function  £{{xt{M)  —  So  the  problem  is  to  search  for  Xt{M)MS 

such  that 

xt{M)MS  =  arg  ,  min  €{{xt{M)  -  Xt{M)Y\lf}  , 

5t(M)€A', 

where  £  stands  for  the  expectation  operator.  It  is  well  known  that  this  minimizer 
is  given  by  the  conditional  mean  ([32])  under  the  posterior  density,  i.e. 

=  e{x,(M)\If] 
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In  most  problems  of  practical  relevance  it  is  difficult  to  analyticaUy  solve  for  this 
conditional  mean  because  of  the  complicated  posterior  densities  involved.  Therefore 
we  define  a  random  sampling  mechanism  which  draws  samples  from  the  posterior 
density  such  that  their  averages  converge  to  the  conditional  mean.  This  samphng 
mechanism  is  based  on  the  jump-diffusion  processes. 

4.2  Jump-DifiFusion  Sampling  Algorithm 

The  sampling  process  is  essentially  a  search  for  the  features  which  best  conform 
to  the  given  data  set.  These  features  can  be  of  discrete  nature,  e.g.  the  number 
of  targets,  and  target  type  or  they  can  live  in  continuous  spaces,  e.g.  the  target 
positions  and  orientations.  Accordingly,  there  are  two  components  in  the  discovery 
process  which  accoimt  for  these  two  kinds  of  feature  variabilities.  The  jump  pro¬ 
cess  involves  discrete  moves  over  non-connected  subspaces  searching  for  the  discrete 
features  while  the  diffusion  component  performs  continuous  stochastic  gradients  es¬ 
timating  the  continuous  features. 

Our  approach  is  to  construct  a  jump-diffusion  Markov  process,  following  the 
analysis  outlined  in  [11],  having  the  limiting  property  that  it  converges  in  distri¬ 
bution  to  the  Bayes  posterior.  This  implies  that  the  time  samples  of  the  Markov 
process  visit  the  configurations  with  high  probability  more  often.  Following  the 
jump-diffusion  dynamics  the  process  (i)  on  random  exponential  times  jumps  from 
one  of  the  coimtably  infinite  set  of  subspaces  to  another  estimating  discrete  parame¬ 
ters,  and  (ii)  between  jumps  it  performs  diffusion  following  the  S.D.E.  s  appropriate 
for  subspace  it  is  in. 
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As  mentioned  previously,  the  posterior  density  changes  at  each  observation  time 
due  to  the  addition  of  one  more  data  sample  to  the  data  set.  Therefore,  at  any  given 
time  t,  the  samphng  process  generates  samples  from  the  posterior  density  having 
the  Gibbs  energy  Et{xt{M)).  The  jump-dilFusion  Markov  process  {X{s),s  >  0} 
samples  from  the  posterior  density  irt(xt{M))  defined  over  the  full  parameter  space 
A’f  as  follows. 

To  simplify  the  following  analysis  we  introduce  some  additional  notation.  Define 
a  deletion  operator  p  for  deleting  elements  from  the  present  configuration  such  that 
deletes  the  track  while  removes  the  last  track  segment  of  the  track, 

i.e., 

:  (Ad  (3)  X  3?^  X 

(Ad  (3)  X  9?^  X  X  , 

p^^^  :  (Ad(3)  X  9?^  X  X 

(Ad  (3)  x^x  X  . 


Also,  0j  stands  for  the  addition  of  elements  in  the  present  configuration  at  track, 
i.e.  Xt(M)  0j  yt{l)  represents  an  M  +  1  track  configuration  formed  by  adding  yt{l) 
to  Xt{M')  at  the  location.  Similarly  Xt{M)  0j  y^^^  signifies  addition  of  a  segment 
to  the  track  of  Xt{M). 
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4.2.1  Jump  Process 

The  jump  process  deals  with  the  assignment  of  tracks  and  the  choice  of  model  order 
in  two  ways.  First,  the  individual  tracks  are  developed  by  probabihstically  placing 
the  track-segments  sequentially  in  the  associated  track  configuration.  Secondly,  the 
jump  process  moves  among  the  subspaces  of  variable  numbers  of  tracks  via  the 
addition  and  deletion  of  tracks. 

For  hypothesizing  the  existence  of  new  tracks  and  the  disappearance  of  faulty 
track  hypotheses  as  well  as  growing  and  shrinking  tracks,  we  use  classical  ideas 
associated  with  birth-death  processes,  where  a  birth  corresponds  to  newly  hypoth¬ 
esized  track/track-segment  in  the  scene  and  a  death  the  removal  of  one.  These 
births/deaths  are  two  of  a  family  of  simple  jump  moves,  others  corresponding  to 
splitting  and  fusion  of  tracks,  with  the  simple  moves  transforming  one  model  to 
another.  The  jump  transformations  are  apphed  discontinuously  and  drawn  proba¬ 
bilistically  from  a  rich  family  of  transformations.  The  jumps  take  one  model  into 
another  satisfying  the  condition  that  given  any  two  models  of  the  dimensions  M,  M  , 
it  should  be  possible  to  find  a  finite  chain  of  transitions  leading  from  one  to  the  other. 

We  allow  only  those  jump  moves  which  result  in  the  following  types  of  transfor¬ 
mations  through  parameter  space 

Addition  of  track  :  Xt{M)  — >■  Xt{M)  0j  yi(l), 

Addition  of  track-segment  :  Xt{M)  Xt{M)  ©j  , 

Deletion  of  track  ;  xt{M)  xt{M)  , 

Deletion  of  track-segment  :  xt{M)  — »  p^pXt{M)  . 
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It  should  be  noted  that  the  addition  of  only  unit  length  tracks  is  allowed.  Let 
T'^{xt{M))  be  the  set  of  configuration  types  that  can  be  reached  from  xt{M)  in  one 
jump  move,  i.e. 


Xt{T^{xt{M)))  being  the  space  containing  the  configurations  of  these  t3^es.  The 
discrete  jump  moves  are  performed  on  the  basis  of  following  jump  parameters  (Ap¬ 
pendix  3)  defined  for  a,b£  Xt  as: 

•  <j{c,  dh)  :  the  transition  measure  from  the  configuration  a  to  an  infinitesimal 
neighborhood  of  h. 

•  q{a)  :  the  intensity  of  jumping  out  of  configuration  a,  q{a)  =  ixt(T-^(a))  9(a>  ^b). 

•  Q{a,db)  :  the  transition  probability  from  a  to  db.  Q(a,db)  =  -r — - 

The  transition  measures  for  the  feasible  jump  moves  are  given  by 

M+l 

qixt{M),dUM+l))  =  '£^qU^t{Mly{M+l))Ss,^M){d{p^4^y{M  +  l)))dy{l)  , 

M 

M 

M 

q{xt{M),  dyt{M  -  1))  =  ;^  y,{M  -  -  1))  (4.1) 

and  the  intensity  of  jumping  out  of  Xt{M)  is  given  by 

M+l 

q{z,{M))  =  g  q^{x,{M),x,iM)  e,  !?,(l))rf(!r,(l)) 
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M 

+  £  Pt^ 

i=i 
M  . 

+  S/  qUxt{M),Xt{M)®y^^'>)dy 

^^Jr^xM(3)xA  ^  ' 

M  /  V  N 

+  ^qs{M^)^Ps^^tiM)).  (4.2) 

i=i 

The  birth/death  intensities  qT,qT^qs->Qs  can  be  derived  from  the  posterior  mea¬ 
sures  of  the  present  and  the  candidate  configurations  in  two  ways.  One  is  analogous 
to  a  Gibbs  sampling  type  algorithm  while  the  other  is  analogous  to  a  Metropolis 
t5^e  acceptance/rejection  algorithm.  The  intensities  obtained  from  the  first  method 
are  given  by, 

•  Gibb’s  sampling: 


7r(xt(M)  ©j  yt(l)) 
7r(xt(M)  ©j  y^^^)) 
T^{PT\^t{M))) 


These  expressions  provide  the  birth/death  intensities  for  constructing  the  jump  pro¬ 
cess  having  jump  moves  derived  from  Gibb’s  sampling.  Our  implementation  is  based 
on  the  jump  moves  of  second  type  which  represents  a  modification  of  the  Metropo¬ 
lis  algorithm  introduced  in  1953  [33].  This  algorithm  is  implemented  through  the 
following  steps. 
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Metropolis  Based  Jump- Algorithm 


1.  Generate  independent  exponential  r.v.’s  with  the  intensity  A,  where 

A  is  the  average  number  of  diffusion  cycles  for  every  jump  move. 

2.  At  time  t,-  =  draw  a  candidate  yt{M')  from  the  prior  (e.g  by  using  the 

equations  of  motion). 

3.  Compute  Lt{yt{M')). 

H  [L,(x,[M))  -  L,(UM'))]  >  0, 
go  to  y,(M'). 

else 

go  to  yt{M')  with  the  probabihty 

4.  Repeat  step  2. 

The  corresponding  birth/death  intensities  for  yt{M')  E  A’(T^(xt(M)))  are  given  by 


x,(M)  ffij  !/M) 
4(x,{M),pfx,(M)) 
qi{x,(M),  pfx,(M)) 


4(Jkf  +  1) 


e-pmi)) 
Zt{1)  ’ 


1  ,-[L(xt(M)©jy(»)-L(£.(M))]+  £ 


-F(yO)) 


4M 


1  e 


^s(i)  ’ 


4:M  Zx{l) 

1  e-f^<Ps^‘(A^))-i(5t(M))]+ 


AM 


Zs{l) 


(4.3) 


where  ^^(l),  ^5(1)  are  the  partition  fimctions  for  the  prior  densities  on  single  track 
and  single  track-segment  configurations  respectively.  In  between  jump  moves  the 
process  stays  in  the  current  subspace  and  performs  stochastic  gradient  search  via 
diffusion  process. 
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4.2.2  Diffusion  Process 


The  diffusion  process  contributes  in  the  search  of  the  features  which  lie  in  the  con¬ 
tinuous  space.  It  is  a  sample  path  continuous  process  which  performs  a  randomized 
gradient  search  on  the  posterior  potential  Et{xt{M))  in  the  current  subspace  Aft(M) 
according  to  Langevin’s  stochastic  differential  equation  (SDE). 

A  diffusion  is  completely  defined  by  its  infinitesimal  mean  and  variance  (Ap¬ 
pendix  3).  In  this  approach  we  generate  a  diffusion  by  assigning  the  gradients  of 
the  posterior  energy  to  be  the  infinitesimal  mean.  For  the  sub-space  containing 
M  tracks  the  diffusion  flows  through  the  manifold  Xt{M)  estimating  the  continu¬ 
ous  parameters:  the  target’s  positions  p  €  9^  and  orientations  $  6  A^(3).  Define 
riM  =  Em=i  tlie  total  track  segments  in  Xt{M)  and  associate  with  the  first  Sum 
components  of  the  S.D.E.  X{s)  the  flow  through  Af(3)”"  to  estimate  the  orienta¬ 
tions  as  described  in  [34],  and  the  last  Zum  components  the  flow  through  to 

estimate  the  positions.  Then  the  diffusion  A'(s)  satisfies  the  following  vector  S.D.E.: 


X^{s) 

X2{s) 


=  X2(0)  +  r  -iv2B,(X(T))<iT  +  W,{s)  , 


mod  27r 


(4.4) 

(4.5) 


where  [-Jmod  2ir  is  taken  componentwise,  {X(a)  =  [Xi(s),  and  W^i(s),ty2(s) 

are  the  standard  vector  Wiener  processes  of  dimensions  Sum,  and  Vi,V2  are  the 
gradients  with  respect  to  the  vectors  pt(iVf), 
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4.2.3  Ergodic  Result 

Now  we  present  an  important  result  on  the  ergodic  properties  of  jump-diffusion 
process.  This  result  verifies. the  claim  that  the  jump-diffusion  process  constructed 
above  samples  from  the  posterior  distribution  iTtixtiM)). 

Theorem  1  If  the  jump  diffusion  process  X{s)  has  the  properties  that: 

(a)  the  diffusion  X{s)  within  any  subspace  satisfies  the  S.D.E.  of  Eqns  (44,4.5) 

(b)  the  birth/death  intensities  defined  by  Eqn  (4.3)  generate  the  jump  process  with 
the  parameters  given  by  Eqns  (4. 14.2) 

then  X(nA)  converges  in  variation  norm  to  pt{dxt{M))  =  ■Kt{xt{M))dxt{M) . 
Proof:  See  Appendix  4. 

In  Eqn  (4.5),  the  term  V2£^t(A'(s))  has  two  gradient  components:  the  hkehhood 
gradient  V2Lt(Ar(s))  and  the  prior  gradient  V2P{X{s)).  Since  we  use  a  Gaus¬ 
sian  prior  on  target  positions  the  gradient  of  prior  potential  is  given  by  K~^pt{M). 
Clearly,  for  the  dynamic  scenarios  with  changing  configurations  and  therefore  chang¬ 
ing  covariances  the  matrix-inverse  computation  gets  intensive.  We  now  present  an 
alternate  diffusion  process  which  also  samples  from  the  same  density  and  is  compu¬ 
tationally  far  less  intensive.  This  diffusion  follows  the  SDE, 

X2(s)  =  ^2(0)  +  ~  {K,V2L4X{r))  X{t))  dr  +  ^^dW^is)  (4.6) 

where  Kp  is  the  Zum  x  Zum  covariance  matrix  of  the  position  vector  pt{M)  and 
W2{s)  is  the  standard  Wiener  process  of  dimension  Ztim-  The  following  theorem 
concludes  that  this  diffusion  also  samples  from  the  same  posterior  distribution. 
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Corollary  1  The  modified  jump-diffusion  process  with  the  properties  that: 

(a)  the  diffusion  X(s)  within  any  subspace  satisfies  the  S.D.E.  of  Eqns  (4.4i4-^)y 

(b)  the  birth/death  intensities  defined  by  Eqn  (4.S)  generate  the  jump  process  with 
the  parameters  given  by  Eqns  (4.1,4-^), 

then  X{nA)  converges  in  variation  norm  to  pt(dxt{M))  =  7rt{xt{M))dxt{M) . 
Proof:  See  Appendix  5. 
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5.  Implementation  and  Results 


Now  we  present  the  implementation  of  a  jump-diffusion  algorithm  for  estimating 
the  motion  of  a  single  target,  i.e.  M  =  1.  The  algorithm  was  jointly  implemented 
using  a  Sihcon  Graphics  workstation  for  data  generation  and  visualization,  and 
a  massively  parallel  4096  processor  SIMD  DECmpp  machine  for  implementing  the 
track- recognition  algorithm.  The  recognition  component  of  the  algorithm  was  imple¬ 
mented  by  my  fellow  student,  Robert  S.  Teichman,  who  also  contributed  in  joining 
the  tracking  and  recognition  components  together. 

The  parameter  set  describing  the  target  configuration  for  the  observation  interval 
is 


£t(l)  =  6 

For  estimating  the  object  orientation,  the  orientation  space  A4(3)  was  uniformly 
sampled  and  64  x  64  pixel  2D  projections  'P(-)  of  the  3D  surface  of  the  target  at 
sampled  orientations  were  generated  and  stored.  This  set  of  templates  form  the 
object  space  over  which  the  recognition  is  performed,  i.e  the  estimates  are  selected 
from  this  set. 
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5.1  Data  Simulation 


The  flight  simulator  software  on  Silicon  Graphics  workstation  was  utilized  to  gen¬ 
erate  parameterized  airplane  paths.  These  path  coordinates  were  then  used  in  data 
simulation  modules  on  mpp  and  Silicon  Graphics  to  obtain  data  sets  corresponding 
to  the  narrowband  tracking  array  and  the  optical  imaging  sensor,  respectively.  The 
tracking  data  consists  of  a  64  length  complex  vector  sampled  at  the  cross-array  yi{k) 
and  a  real  number  corresponding  to  the  range  data  for  the  target  r{k)  at  each  time 
index  k.  The  imaging  data,  generated  by  optical  imaging  of  the  space  around  the 
estimated  position  of  the  target  using  Sihcon  Graphics,  consists  of  a  64  x  64  matrix 
y2{k)  of  grey  scale  pixel  values  for  each  observation.  The  data  set  is  then  transferred 
to  the  mpp  where  the  orientation  and  target  type  estimation  is  performed.  In  the 
results  presented  we  have  used  high  signal  to  noise  ratio  for  both  the  tracking  and 
imaging  data  sets.  The  noise  in  the  data  model  was  generated  using  the  Gaussian 
random  number  generator  on  the  machines. 

5.2  Estimation  Algorithm 

Now  we  describe  the  jump-diffusion  algorithm  for  estimating  the  single  track  scene. 
The  estimation  algorithm  proceeds  by  births  and  deaths  of  track  segments  at  ran¬ 
dom  times  through  discrete  jump  moves.  At  any  given  time  t  the  jump-diffusion 
algorithm  is  run  to  generate  samples  from  the  posterior  distribution  given  by  7rt(-). 
This  simulation  is  performed  till  the  next  data  set  arrives  when  the  algorithm  starts 
sampling  from  7rt+i(-)  and  so  on.  The  two  possible  jump  moves  involve  the  following 
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transformations  in  the  parameter  space, 

ft(l)  ft(l)  ©1  e  (3?^  X  M{Z)  X  X  K  , 

xtil)  -4  €  (3^  X  M{Z)  X  X  K  . 

where  Xt(l)  G  (3^  x  A^(3)  x  Af  ^  x  We  assign  equal  probabilities  for  selecting 
one  of  the  two  options  with  the  actual  moves  being  performed  on  the  basis  of  pos¬ 
terior  energies.  Notice  that  for  the  option  to  delete  the  track  segment  there  is  only 
one  candidate  configuration  but  for  adding  the  track  segment  the  candidates  are 
numerous  corresponding  to  all  possible  values  of  In  that  case,  using  Metropolis 
based  jump  moves  the  algorithm  ca-adidates  are  generated  and  selected  as  follows. 
The  vector  differential  equation  (Eqn  3.3),  describing  the  motion  in  the  body  frame 
coordinates,  can  be  written  in  discrete  form  as 

v{k  +  1)  =  {A{k)  -  l3)v{k)  +  f{k)  . 

Suppose  the  track  is  estimated  up  to  the  (A:  -f  1)®*  stage  and  the  k  +  2  position  (or 
equivalently  the  k  -f-  1st  velocity  component)  is  to  be  found.  The  estimated  velocity 
profile  for  times  1,2,  ..,fc  is  available.  A  sample  from  iV(0,  (Tq/s)  is  substituted  for 
the  force  vector  and  the  difference  equation  is  solved  for  u(A:-M)  using  the  estimated 
rotational  motion  and  the  previous  velocity  estimate.  Using  the  velocity-position 
transformation  (Eqn  3.1)  this  v{k  -f- 1)  provides  a  candidate  for  the  inertial  position 
p{k+2).  The  orientation  and  target  type  components  for  the  candidate  segment  are 
chosen  to  be  the  same  as  the  previous  segment.  This  new  track  segment  is  selected 
and  added  to  the  track  estimate  according  to  the  Metropohs  type  jump  algorithm 
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(discussed  in  chapter  4).  The  Hkelihood  potential  of  this  candidate,  L{xt{l)  0i 
is  compared  to  the  likehhood  potential  of  the  present  estimate,  T(xt(l).  If  L{xt{l)  > 
L(xt{l)  01  then  the  segment  y^^)  is  added  to  the  track  Xt(l)  otherwise  it  is 

added  with  the  probability 

Then  the  algorithm  adjusts  the  positions  and  orientations  in  the  estimated  track 
following  the  gradients  of  the  posterior  according  to  the  diffusion  equations  until 
the  next  jump  move  is  performed.  The  average  number  of  diffusion  cycles  per  jump 
move  is  given  by  the  parameter  A,  the  mean  of  exponential  times  separating  jump 
moves.  It  should  be  noted  that  the  gradients  of  imaging  data  likelihood  involves  the 
derivative  of  the  projection  trajisform  which  cannot  be  derived  analytically.  These 
are  approximated  numerically  at  the  sample  orientations  by  taking  the  difference 
of  adjacent  pre-stored  templates  at  that  orientations,  scaled  by  the  step  size  of 
parameter  variation.  The  gradients  of  the  tracking  data  Hkelihood  are  derived  ana¬ 
lytically  using  the  chain  rule  for  coordinate  transformations.  The  diffusion  process 
is  simulated  via  the  discrete  equations  corresponding  to  the  SDE’s  4.4, 4. 6  given  by 

ACi((n  +  l)e)  =  [.X^i(ne)  —  — VijEi(X(rae))  +  [Wi((n  +  l)e)  —  kFi(ne)]]„iod  27r 
X2((n  +  l)c)  =  X2(ne)-iv2£;t(X(ne))  +  [W2((n  +  l)6)-I^2(ne)] 

Figure  5.1  shows  three  successive  stages  of  the  algorithm  for  estimating  a  portion  of 
the  true  track  shown  in  grey  with  the  estimates  overlapping  in  white.  The  algorithm 
proceeds  via  sequence  of  jump  moves  corresponding  to  the  births  of  track-segments 
and  adjustment  of  the  track-estimates  between  the  jumps  via  the  diffusion  algorithm. 

Shown  in  Fig  5.2  is  the  result  for  the  complete  track  estimation  algorithm.  The 
left  panel  shows  the  simulation  environment  for  the  implementation.  The  mesh 
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represents  the  ground  supporting  the  inertial  frame  of  reference  and  the  sensor 
systems  while  the  grey  track  represents  the  parameterized  plane  path  generated  from 
the  flight  simulator  on  Sihcon  Graphics  and  used  as  true  track  in  the  simulations. 
In  the  right  panel  the  estimated  track  is  shown  in  white  overlapping  the  true  track 
obtained  via  the  jump-diffusion  algorithm. 

5.2.1  Parallel  Processing 

The  DECmpp  has  a  64  x  64  mesh  of  processors  each  of  which  can  simultaneously 
operate  on  a  matrix  of  up  to  64  x  64  data  elements.  In  this  apphcation  a  large  part  of 
the  computation  involves  simultaneous  operations  hke  coordinate  transformations, 
trigonometric  operations,  and  matrix  computations  on  arrays  of  data.  These  op¬ 
erations  along  with  global  summation  and  processor  communication  are  efficiently 
implemented  on  a  machine  like  the  DECmpp.  The  choice  of  sizes  of  64-length  track¬ 
ing  data  vector  and  64  x  64  imaging  data  allows  convenient  mapping  of  the  problem 
onto  the  64  x  64  processor  array  of  mpp. 


Figure  5.1:  Jump-diffusion  estimation  of  a  portion  of  the  track.  The  true  track  is 
drawn  in  grey  while  the  estimates  overlap  in  white.  The  estimation  proceeds  via  a 
sequence  of  jump  moves  with  the  diffusion  cycles  performed  between  moves. 
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Figure  5.2:  3D  track  estimation:  The  left  panel  shows  the  actual  track  drawn  in 
gray  with  the  mesh  representing  ground  supporting  the  observation  system  in  the 
inertial  frame  of  reference.  The  right  panel  displays  the  results  from  the  single  track 
estimation  with  the  estimates  drawn  in  white. 

5.2.2  Remote  Visualization 

Even  though  the  massively  parallel  machine  is  ideal  for  implementing  estimation 
algorithm  it  doesn’t  have  adequate  graphical  resources  to  provide  good  display  of 
resrdts.  The  Silicon  Graphics  workstation  is  well  suited  for  3-D  visualization  of  the 
actual  flight  path  and  the  estimated  path.  Therefore  we  distribute  the  tasks  across 
various  platforms  to  make  use  of  advance  computing  and  graphical  resources  that  are 
not  available  on  any  one  machine.  In  fact  there  could  be  multiple  visualization  nodes 
to  address  various  aspects  of  the  implementation.  Also  the  distributed  computation 
implies  more  efficient  implementation  eis  the  tasks  are  shared  by  various  machines. 

The  communication  between  machines  demands  pipehne  of  high  speed  network 
for  data  flow.  This  was  implemented  using  TCP/IP  sockets  on  ethernet  to  which  the 
mpp  and  SGI  machines  were  connected.  The  algorithm  performs  the  computation 
continuously  while  feeding  the  estimates  onto  the  network  at  regular  intervals.  The 
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estimates  are  received  by  SGI  and  fed  into  a  visualization  program  to  display  the 
results  in  a  desired  way. 
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6.  Tracking  the  Direction  of  Arrivals  of 
Multiple  Moving  Targets 


This  problem  involves  only  the  object  tracking  in  a  familiar  ’direction  of  arrival’ 
set-up.  The  goal  is  to  track  the  motion  of  an  unknown  number  of  signal  sources 
assumed  to  be  present  in  the  plane  (2-D  space)  containing  the  uniform  linear  array 
of  sensors  shown  in  Figure  6.1.  Here  we  are  interested  in  only  one  angular  location 
0  €  [0,7r]  (azimuth  or  elevation)  of  the  objects.  Even  though  the  problem  is  posed 
for  6  €  [0,7r],  we  define  the  parameter  space  to  be  [0, 2x]  in  order  to  utilize  results 
from  [34]  to  prove  the  theorem  supporting  the  algorithm.  So  far  these  results  have 
been  derived  for  the  parameter  spaces  which  form  Lie  groups.  Hence,  we  will  treat 
the  parameter  space  to  be  ^  €  A<(1)  where  A^(l)  =  [0, 27r]  with  0  ,  27r  identified 


1 

Signal  Source  h 

2 


Figure  6.1:  The  hnear  array  of  uniformly  placed  isotropic  sensors  to  track  the  di¬ 
rection  of  arrival  of  multiple  signal  sources. 
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which  is  a  Lie  group.  In  this  chapter  the  notation  is  similar  except  that  the  vectors 
are  denoted  by  q(-)  and  the  parameter  spaces  by  Ct(-).  For  target  the  parameter 
configuration,  a  sequence  of  its  locations  during  its  stay  in  the  scene  given  by  = 

+  is 

{«<”)(«:):  t  €  r*™*}  €  C,(l)  =  [j  x  «  , 

and  for  a  multiple  target  scenario  with  M  objects  the  configuration  of  significant 
parameters  is 

M  M  (  t  \ 

Ct{M)  =  U  {«(”!(*:)  ;  k  €  €  C,(A/)  =  H  U  x  N  . 

m=l  TO=1  J 

Since  M ,  the  number  of  targets  present,  is  unknown  the  complete  parameter  space 
is  defined  to  be  the  countable,  infinite  union  of  subspaces  each  having  an  associated 
value  of  M,  i.e.  Ct  =  U^_iCt(Af).  So  the  aim  is  to  estimate  Ct{M)  €  given  the 
observed  data  set  using  minimum- mean-square-error  (MMSE)  approach. 

6.1  Bayesian  Posterior 

6.1.1  Data  Likelihood 

The  model  used  describes  the  multi-track,  multi-sensor  scenario  in  the  following 
way.  Consider  the  signal  from  m**  source  arriving  at  angle  with  ampHtude 

at  the  sensor  array.  Define  the  response  at  the  sensor  array  at  discrete  time 
k  as  y{k)  made  up  of  the  superposition  of  the  incoming  signal  with  ambient  noise 
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and  is  given  by 

y{k)  =  d{e^^\k))s<^\k)  +  n^ik),  (6.1) 

where  d{0^'^\k))  is  the  10  x  1  array  of  delays  and  gains  corresponding  to  the  10- 
element  linear  array  and  n3{k)  is  a  10  x  1,  0-mean  complex  Gaussian  random  vector 
with  covariance  cr\l.  For  the  cases  studied  here  there  are  M  signals  incident  upon  the 
array,  with  unknown  integer.  The  measured  signal  y{k) 

for  a  multiple  target  scene  is  modeled  as 

M 

y(h)  =  £  i(«<")(i))U(r(’"))5(”)(i)  +  ns(k).  (6.2) 

m=l 

Each  of  k  =  l,2...t  time  samples  of  data  are  received  with  perhaps  a  different  mean 
corresponding  to  the  motion  of  targets. 

We  assume  that  s^’^^k)  are  unknown,  deterministic  quantities  which  enter  into 
the  mean  of  the  observation  y(k)  as 

plicity  of  presentation  s^’^^(k)  are  assumed  to  be  known.  The  likelihood  energy 
associated  with  the  data  collected  up  to  time  t  becomes 

1  t  M  2 

L,(5(M))  =  --iji;  .  (6.3) 

^^3  k=l  m=l 

6.1.2  von-Mises  Prior 

The  Bayes  posterior  'Kt{ct{M))  at  time  t  for  an  M-track  scene  can  be  constructed 
as  follows.  Define  the  von-Mises  prior  [24]  for  the  Af-track  scene  to  have  the  Gibbs 
potential 

M 

P,(c,(M))  =  k'^  E  cos(«<”'(J:)  -  «<”‘)(i  -  1))  .  (6.4) 

m=l 
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Notice,  for  k'  >  0  a  large  positive  number  the  prior  favors  smooth  tracks. 


Then  the  posterior  energy  becomes 

M 

E,{c,{M))=Y,  E  >‘'(cos(6^’‘\k)-e^’"\k-l)))  (6.5) 


1  * 
*^3  ifc=i 


M 


y(k)  -  ^ 


m=l 


This  posterior  energy  is  conditoned  on  a  given  Af,  the  complete  posterior  is  the 
convex  combination  of  the  energies  for  all  values  of  M  as  in  the  previous  problem. 


6.2  Sampling  the  Multi- Track  Space 

Now  we  define  the  algorithm  for  sampling  the  posterior  conditioned  on 

the  data  up  to  time  t  over  the  multi-track  space  Cj.  We  construct  a  Markov  jump- 
diffusion  process  C(s)  G  Ct  which  visits  the  candidate  solutions  according  to  the 
posterior  density  Markov  process  is  said  to  satisfy 

jump-diffusion  d3aianQics  in  the  sense  that  (i)  on  random  exponential  times  the 
process  jumps  firom  one  of  the  countably  infinite  non-connected  set  of  spaces  Ct{M) 
to  another,  and  (ii)  between  jumps  it  performs  dilFusion  cycles  generated  by  the 
S.D.E.’s  appropriate  for  that  space. 

6.2.1  Diffusion  S.D-Til ’s 

The  diffusion  part  of  the  process  essentially  follows  stochastic  gradient  descent  in 
each  of  the  subspaces  Ct{M)  on  the  posterior  potential  Et{ct{M))  by  following  a 
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Langevin’s  stochastic  differential  equation  (S.D.E.)  appropriate  for  the  current  sub¬ 
space.  For  the  sub-space  containing  M  tracks  the  diffusion  will  flow  through  the 
manifold  Ct{M).  Then  the  diffusion  (^(s)  satisfies  the  following  vector  S.D.E.: 

C(s)  =  fc(0)  +  f  +  *y(s)]  (6.6) 

L  JO  Z,  mod 

where  [-Jmod  is  taken  componentwise,  lF(s)  is  the  standard  vector  Wiener  pro¬ 
cesses  belonging  to  the  space  of  dimension  I2m=i  VEJt(C(r))  is  the  gradient 

with  respect  to  the  set  Ct{M). 

6.2.2  Jump  process 

The  jump  process  carries  the  inferences  from  subspace  to  subspace  via  the  simple 
jump  moves  based  on  the  clcissical  ideas  of  birth  and  death  processes.  The  jump 
intensities  of  these  simple  moves  are  governed  by  the  posterior  potential  of  the 
candidate  configurations.  These  jumps  accommodate  the  following  kinds  of  model 
order  changes:  (i)  those  corresponding  to  the  addition  and  deletion  of  track  segments 
to  and  from  existing  tracks,  and  (ii)  the  addition  or  deletion  of  new  or  existing  tracks. 
Notationally,  these  jump  moves  are  represented  by 

Addition  of  jth  track  :  ^(M))  — >•  q(M)  0j  ^t(l)  , 

Addition  of  segment  to  jth  track  :  ci(M)  — >  q(M)  ©j 
Deletion  of  jth  track  :  q(M)  , 

Deletion  of  a  segment  from  jth  track  :  Ct{M)  — > 
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Define  T^(q(M))  to  be  the  set  of  configuration  types  reachable  from  Ct{M)  in  one 
jump  move,  i.e. 

T'(c,{M))  =  {5(A/)  0;  ?,(1),5(A/) 

and  Ct(T^(Q(M)))  be  the  space  containing  these  configurations  types.  The  transi¬ 
tion  parameters  for  these  moves  are  given  by 

j=i 

j=i 

i=i 

j=i 

The  intensity  for  jumping  out  of  configuration  Ct{M)  is  given  by 

q{c,{M))  =  f  q{c,{M),dd,{M'))  (6.7) 

=  E  /  9UQ(M),ci(M)©,  c't(l))dc't(l) 

M 

i=i 

M  .  ■  ^  \ 

+  E/ 

M  /x  \ 

+  E  9r  ^(-^))  5  (®-^) 

3=1 
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and  the  transition  measure  given  by 


Q[c,{M),dS,{M')) 


q{ct{M),ddt{M')) 


As  mentioned  earlier  the  choice  of  the  intensities  9s  fixed.  Here 

we  use  an  algorithm  analogous  to  the  Gibb’s  sampling  to  perform  the  jump  moves 
described  as  follows:  Generate  a  sequence  of  independent  samples  Aq,  Ai,...  from 
the  exponential  distribution  with  parameter  A,  then  starting  at  (7(0)  6  Ct{M)  run 
the  S.D.E.  given  in  equation  (6.6)  until  time  tq  such  that  q{CMis))ds  =  Aq. 
Then  carry  out  a  jump  according  to  Q{C{ro),dd)  to  some  point  Ci  6  Ct{M'),  so 
that  C{tq)  =  Cl.  Run  the  SDE  on  Ct{M')  starting  at  Ci  until  time  Ti  such  that 
q{CM'{s))ds  =  Ai  and  so  on.  The  associated  birth/death  intensities  q^,  q^,  q^s,  9s 
are  presented  via  a  theorem  in  next  section. 


6.2.3  Ergodic  Theorem 

We  now  state  our  theorem  on  the  ergodic  properties  of  the  jump-diffusion  process. 

Theorem  2  If  the  jump  diffusion  process  C{s)  has  the  properties  that: 

(a)  the  diffusion  C(s)  within  any  subspace  satisfies  the  S.D.E.  of  Eqns  (6.6), 

(b)  the  birth/death  intensities 

q^{^t{M),dt{M)®idt{l))  =  7r(Q(M)©y^t(l)), 

=  >r(5(A0  ®i  . 

=  jr(p«5(M)), 


A-57 


form  a  jump  process  with  the  parameters  given  by  the  Eqns  6. 1,6. 8, 
then  C(nA)  converges  in  variation  norm  to  =  Tr{^{M))dct{M). 

Proof:  See  Appendix  6. 

Remark:  As  proven  in  Amit  [34]  Eqn  (6.6)  is  simulated  via  the  discrete  equation 
C{{k  +  l)e)  =  \c{ke)  -  ]-VEt{C{ke))  +  [W{{k  +  l)e)  -  W{ke)]]  ,  (6.9) 

L  ^  J  mod(25r) 

which  provides  a  sequence  of  pathwise  convergent  approximations  to  the  diffusion 
C{t)  on  the  Torus  as  e  — >•  0. 

6.3  Implementation  and  Results 

The  algorithm  was  implemented  on  massively  parallel  AMT-DAP  510  SIMD  ma¬ 
chine.  It  has  a  32  X  32  mesh  of  processors  suitable  for  the  parallel  computations 
involving  up  to  1024  data  elements.  In  this  implementation  the  data  sets  were  sim¬ 
ulated  for  sensor  array  having  10  elements  at  half  wavelength  spacing  observing  a 
variable  number  of  tracks  length  10  each.  Also  it  is  assumed  that  all  targets  are 
present  at  all  times. 

The  estimation  proceeds  by  simple  jump  moves  at  random  times  with  diffusion 
cycles  performed  in  between  jump  moves.  It  estimates  the  number  of  tracks  by 
birth/death  of  tracks  and  estimates  the  track  lengths  by  birth/death  of  track  seg¬ 
ments.  At  any  given  time  t  the  jump-diffusion  algorithm  is  run  to  generate  samples 
from  the  posterior  distribution  given  by  Trt{ct{nM,  M)).  This  sampling  goes  on  till 
the  next  data  sample  time  when  the  algorithm  starts  sampling  from  ^))- 

There  are  four  kinds  of  jximp  moves  possible  at  all  jump  times  r*:  addition/deletion 
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of  a  track-segment  and  addition/deletion  of  a  track.  The  algorithm  chooses  one  of 
them  with  equal  probability  and  performs  candidate  generation  and  selection  ac¬ 
cording  to  the  Gibb’s  sampling.  Shown  in  Figure  (6.3)  are  two  kinds  of  jump  moves 
being  performed  by  the  algorithm.  The  vertical  axis  represents  time  variable  while 
the  horizontal  axis  parameterizes  the  angular  location  of  targets.  Shown  in  the 
background  is  the  spatial  power  spectrum,  generated  from  the  data  using  minimum 
variance  distortionless  response  (MVDR)  beamforming  [35]  with  brightness  repre¬ 
senting  spatial  power.  Superimposed  on  it  are  the  actual  tracks  in  grey  while  the 
estimated  tracks  are  drawn  in  white.  The  two  panels  show  the  estimation  results 
at  two  different  stages.  The  algorithm  carries  the  configuration  in  the  left  panel  to 
the  one  in  right  by  birth  of  a  track  and  by  birth  of  a  track  segment  at  the  end  of 
existing  track. 

Shown  in  Figure  6.3  are  the  implementation  results  of  a  jump-diffusion  algo¬ 
rithm  estimating  a  four-track  configuration  observed  via  the  linear  sensor  array. 


Figure  6.2;  The  two  kinds  of  jump  moves:  addition  of  a  track  and  addition  of  a 
track-segment  at  the  end  of  existing  track  estimate.  The  actual  tracks  are  shown  in 
grey  with  the  estimates  overlapping  in  white.  Underlying  spatial  power  spectrum 
generated  via  MVDR  method  shows  the  noisy  data. 
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The  algorithm  does  not  know  apriori  the  number  of  tracks  in  the  scene.  The  four 
panels  show  successive  stages  of  estimation  algorithm  as  the  jump- diffusion  pro¬ 
cess  proceeds.  The  algorithm  was  run  with  the  jump  process  adding  tracks  and 
track-segments,  and  the  diffusion  part  constantly  adjusting  the  estimated  parame¬ 
ters.  The  lower  left  panel  shows  the  rough  initial  track  estimates  improving  via  the 
continuous  diffusion  deformations  with  the  result  shown  in  the  lower  right  panel. 


Figure  6.3;  Estimation  of  a  four-track  scene:  the  upper  left  panel  shows  the  true 
tracks  in  grey  with  the  spatial  power  spectrum  generated  via  MVDR  from  the  noisy 
data.  The  other  three  panels  show  the  successive  stages  of  the  algorithm  with  the 
final  result  shown  in  the  lower  right  panel. 
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7.  Future  Work 


In  this  chapter  we  discuss  the  future  work  which  could  be  performed  in  this  field 
to  augment  the  present  results.  There  are  many  areas  of  interest  which  could  be 
explored  further. 

As  mentioned  in  chapter  3  that  there  is  a  set  of  differential  equations  governing 
the  rotational  and  translational  motions  of  the  moving  airplane.  At  present  we 
utilize  a  subset  of  them  to  impose  a  dynamics  based  prior  on  the  sequence  of  airplane 
positions.  The  extension  of  similar  analysis  on  rest  of  the  equations  can  provide  a 
prior  for  the  rotational  parameters.  We  propose  to  utihze  the  last  three  equations 
of  motion  listed  in  chapter  3  for  deriving  a  dynamics  based  prior  on  the  rotational 
parameters. 

We  are  also  interested  in  exploring  the  alternate  representations  of  the  parameter 
space.  The  torus  representing  the  paraimeter  space  of  the  Euler’s  angles  also  forms  a 
special  orthogonal  group  SO(n)  in  a  higher  dimensional  Euclidean  space.  Therefore 
the  SO(n)  structure  can  be  utilized  in  this  representation  and  corresponding  analysis 
ran  be  followed.  There  is  a  rich  treatment  in  the  literature  on  the  algebraic  analysis 
of  special  orthogonal  groups. 

Automated  target  tracking  and  recognition  fall  under  the  category  of  sequential 
estimation  problems.  The  estimation  is  performed  conditioned  on  the  increasing 
family  of  <T-algebras  generated  by  the  observations.  Consider  to  be  the  a-algebras 
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associated  with  the  data  collected  till  time  t.  The  MMSE  estimate  of  the  param¬ 
eters  Xt  is  given  by  the  conditional  mean  Xt  =  •  We  wish  to  explore  the 

limiting  behavior  of  limt_»oo  iii  comparison  with  ^(a;|34o)  and  are  interested  in 
the  asjonptotic  consistency  of  the  estimates. 
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9.  Appendix 
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APPENDICES 


Appendix  9.1  Cross- Array  Manifold 

The  signal  received  from  the  target  located  in  3-D  observation  space  is  sampled  by 
the  cross-array  of  sensors  placed  as  shown  in  the  figure  3.2.  This  cross-array  consists 
of  two  uniform  linear  arrays  orthogonal  to  each  other,  sensitive  to  the  elevation 
ai(fc)  and  azimuth  Q!2(^)  locations  of  the  targets  related  to  the  inertial  positions 
p{k)  through  regular  coordinate  transformations.  Figure  9.1  shows  the  cross-array 
geometry  of  the  sensor  arrangement  indexed  by  the  sequence  in  which  sensor  outputs 
are  placed  in  the  data  vector.  The  data  collected  at  the  64-element  sensor  array  at 
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Figure  9.1:  The  figure  shows  the  indexed  sequence  of  sensor  elements  arranged  in 
cross-array  geometry. 
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time  t  is  the  superposition  of  incoming  signal  and  ambient  noise, 

yi(fc)  =  d{p{k))s{k)  +  ni{k),  (9.1) 

where  ni(fc)  is  a  64  x  1,  0-mean  complex  gaussian  random  vector  of  the  Goodman 
class  with  covariance  s{k)  is  the  complex  signal  value  and  d{^k))  is  a  regular 
64  X  1  Vandermonde  direction  vector  with  the  ansrles  of  signal  arrival  parameterized 
by  inertial  postitons  p{k). 

The  angular  location  of  the  target  is  reflected  in  the  phase  differences  of  signals 
reaching  various  sensors  depending  upon  the  array  geometry  encoded  by  the  Van¬ 
dermonde  direction  vector.  The  phases  at  the  sensor  elements  are  measured  with 
the  16th  sensor  (central)  being  the  reference.  The  direction  vector  for  the  angular 
location  ai  (elevation),  03  (azimuth)  determines  the  array  manifold  and  is  given  by 
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a  64-eleinent  vector 


Appendix  9.2  Airplane  Motion  Based  on  Rigid 
Body  Dynamics 

Airplane  motion  is  studied  using  the  rigid  body  dynamics  following  the  analysis 
in  [22].  The  translational  position  is  represented  in  the  inertial  frame  in  both 
rectangular  coordinates  ^s)  =  [pi(5)  P2(s)  PsC'S)]  6  and  polar  coordinates, 
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[r(s)  q:i(s)  q:2('S)],  (range,  elevation  and  azimuth)  with  the  standard  relationship 


(9.2) 


Motion  is  described  in  terms  of  the  components  of  its  velocity  vector  projected  along 
the  body  axes,  v(s)  =  [vi{s)  n2('S)  ^3(5)]  €  R^.  The  inertial  positions  p{s)  are  related 
to  these  velocities  through  the  transformation 

p{s)  =  p{to)  +  /  $(T)u(r)dr,  (9.3) 

where  p{to)  is  assumed  known  and  $  is  a  3  x  3  time  varying  rotation  matrix  (given 

— * 

by  Eqn  2.1)  determined  by  rotational  motion  expressed  via  the  Euler  angles  (j>{s)  = 
[^i(s)  ^2(5)  ^3(5)]  G  A^(3),  (pitch,  roll  and  yaw). 

Finally  ,  the  rotational  motion  determines  the  prior  since  the  angular  velocity 
projections,  ^s)  =  [?i(s)  92(5)  53(5)],  onto  the  rotating  body  a.xes  determine  the 
rotation  matrix  Ai{4{s),^{s))  (Eqn  3.1.1).  The  vector  ^s)  is  dependent  on  the 
Euler  angles  and  their  derivatives  according  to, 

91  =  <f>i  —  <f>zsin{<f>2), 

92  =  42Cos{<f>i)  +  ^3Cos(^2)-sm(^i), 

93  =  -<l>2sin{(i>i)  +  4zCos{4>2)cos{<j>i) 


Covariance  of  Body-Frame  Velocities  i;(s) 
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(9.4) 


Now  we  derive  the  covariance  function  of  the  airplane’s  inertial  positions  using  the 
newtonian  equations  of  motion.  The  solution  of  the  vector  equation  3.3  is  given  by 

v{s)=  f  +  e  v{to) 

Jto 

Assuming  known  initial  velocity  v{to),  the  velocity  covariance  function  can  be  found 
as 

Jto  Jto 

rmin(suSi)  _  A(T)dr,r  -p^(T)dT,+  , 

=  ^  ][e  Jn  ]Tdri 

Jto 

since  the  force  vector  f{s)  is  assumed  0-mean  Gaussian  with  covariance  OqI . 

Appendix  9.3  Jump  and  Diffusion  Processes 

9.3.1  Jump  Processes 

A  detailed  treatment  on  jump  processes  is  presented  in  [36]. 

Definition:  K  X(s)  is  a  Markov  process  and  satisfies 

•  X(s)  is  continuous  in  probability,  i.e. 

limP(t,x,s,A)  =  limPs_t(x,  A)  =  lyi(x) 

5lt  sit 

•  The  function  q{x,  A)  (for  x  ^  A)  defined  by 

fim  ^P{^t  e  AjXo  =  x)  =  g(x,  A),  converges  uniformly-  in  t,  x,  A 
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for  all  X  ^  A, 


then  X{s)  is  a  jump  process  with  intensity  ^(x,  A). 

The  generator,  or  the  backward  Kohnogorov  operator,  for  the  jump  process  is 
given  by 

A/(x)  =  q{x)  Q(x,  dt/)(f(y)  -  f(x))  (9.5) 

where  Q(x,  dy)  satisfies 

•  /s  /{x}  =  l,Vdy  :  X  ^  dy. 

•  Q(x,  dx)  =  0. 

•  q{x,dy)  =  q{x)Q{x,dy) 

where  /(x)  belongs  to  me  domain  of  the  operator  A. 

9.3.2  Diffusion  Processes 

There  is  some  disagreement  in  the  recent  hterature  as  to  the  definition  of  a  diffusion 
process.  The  definition  presented  here  is  obtained  from  [37,  38]. 

Definition:  A  Diffusion  Process  is  a  sample  path  continuous  Markov  process  with 
the  transition  funtion  P(s,  x;  t,  B)  which  satisfies  the  following  properties  For  every 
e  >  0, 

.  P{s,x]t  +  s,dy)  =  0, 

tio  r  -/|x— y|>c 
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•  there  exists  a  Borel  measureable  function  a(s,  x)  called  the  infinitesimal  mean, 
such  that 

7  /  .  ^y~  x\s  +  t,  dy)  =  a(s,  x), 

ti  Z  •/jx— y|<c 

•  there  exists  a  (positive  semi-definite)  matrix  B{s,x)  called  the  infinitesimal 
variance  or  the  diffusion  matrix  such  that 

hm  j  /  {y-  s)^(y  -  x)P{s,  x;s  +  t,  dy)  =  B(s,  x 

<1  t  •/|x— J(|<« 

For  a  homogeneous  process  the  infinitesimal  mean  and  variance  are  indepedent  of 
time,  i.e.  a(x,  t)  =  a{x)  and  B{Xy  t)  =  B{x).  In  the  semi-group  theory,  the  Markov 
processes  are  characterized  by  the  infinitesimal  generator  of  the  semi-group  asso¬ 
ciated  with  the  process.  This  generator  or  the  Backward  Kolmogorov  operator  is 
defined  as  a  hnear  operator  A  ,A  :  'D(A)  QB  B  such  that 

{Af){x)  =  ^(/  P{s,  x]s  +  h,  dy)f{y)  -  f{x)) 

where  the  limit  is  define  in  the  sup-norm  (I|.i|oo  norm).  The  domain  2?(A)  consists 
of  all  the  functions  /  €  B  for  which  this  limit  exists.  For  a  diffusion  the  generator 
is  given  by 

Af{x)  =  a{x)  o  V/(x)  +  ^  E 

1  *  3 

where  o  stands  for  the  vector  dot-product. 
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Appendix  9.4  Proof  of  Theorem  1 


Proof:  This  analysis  is  carried  out  for  a  fixed  t  so  we  drop  the  subscript  t  without 
any  ambiguity.  There  are  essentially  two  points  to  the  proof:  (1)  showing  that 
Tr{x{M))  is  an  invariant  density  of  the  process,  and  (2)  verifying  that  the  process  is 
irreducible  and  therefore  ir(x{M))  is  the  unique  invariant  density.  Part  (2)  follows 
directly  that  in  [13,  12]  using  the  properties  of  the  jump  process  and  from  the  fact 
that  the  diffusions  are  each  irreducible  over  their  respective  subspaces.  In  part  (1) 
we  need  to  verify  the  stationarity  for  both  the  jump  and  diffusion  components  of 
the  Markov  process.  The  generator,  or  backward  Kolmogoroff  operator,  for  the 
jump-diffusion  process  (denote  it  as  A  =  -f-  (diffusion-l-jump))  characterizes 

the  stationary  density  in  that  Tr{x{M))  is  stationary  for  the  jump-diffusion  if  and 
only  if  f  Af{x{M))Tr{x{M))dx{M)  =  0  for  all  /  in  the  domain  of  A,  'D{A). 

The  diffusion  process  has  two  components  corresponding  to  the  S.D.E  on  the 
multi-dimensional  torus  (4.4)  and  the  S.D.E.  on  the  EucHdean  space  of  target  posi¬ 
tions  (4.5).  To  prove  invariance  of  7r(^(M))  for  the  diffusion  on  torus  we  use  results 
from  [12]  on  invariant  distributions  of  S.D.E. ’s  on  linear  manifolds,  in  paxticular  the 
multi-dimensional  Torus.  The  stationarity  condition  is  verified  for  the  Euclidean 
component  as  follows.  Define  a  set  of  frinctions  which  forms  the  domain  of  the 
generator  A  as 

M 

I>(^)  =  {/:/=  E  !•<■(•»)/«./».  S  C\X(m)),  M>0].  (9.6) 

7n=0 
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Then  the  infinitesimal  generator  for  diffusion  becomes 

,  1  3nif  q2  f(£(M)) 

A^mU))  =  -5  {V2£(?(M))  0  V2/(£(M)))  +  5  g  S 

where  um  =  E^=i>  total  number  of  track-segments  in  the  parameter  set  x{M), 
o  stands  for  the  vector  dot-product  and  the  gradients  V2E(x(M)),  V2/(x(M))  are 
w.r.t  the  position  vector  p{M).  Substituting  this  expression  in  the  integral  condition 

we  get 


/  A‘f{x(M))K(x(M))dx(M)  = 

- 1  i(V£:(f(M))  o  Vf(x{M)) 


^-dx(M) 


r  1  te  a^f(3(M))\ 

-'ns  ) 


,-E(X(M)) 

^  dUM)  ■ 


Integration  by  parts  of  the  second  term,  with  the  fact  that  the  function  f  vanishes 
at  the  boundary,  results  in  a  term  which  is  negative  of  the  first  term.  Therefore  the 
given  posterior  7r(x(JV^))  is  the  stationary  density  of  the  diffusion  process. 

The  generator  A-'  of  a  jump  process  is  given  by  (Eqn.  9.5) 


A^'f(x(M))  =  q{x{M))  f  Q{x{M),  dy){f{y)  -  f{x{M)))  . 

When  substituted  in  the  stationarity  condition,  it  provides 


which  is  often  called  as  the  detailed  balance  condition.  Therefore,  the  jump  pa¬ 
rameters  should  satisfy  this  equation  for  the  density  7r(x(M))  to  be  the  stationary 
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density  of  the  jump  process.  We  wiU  prove  this  condition  assuming  only  birth/death 
of  tracks,  the  treatment  for  birth/deaths  of  track  segments  being  similar.  Substi¬ 
tuting  for  the  trajasition  measures  in  the  detailed  balance  condition  and  simplifying 

we  obtain, 


Substituting  the  values  for  4,?^  from  4.3,  and  analyzing  only  the  terms  from 
sums  on  both  sides, 

R.H.S. 


dx{M)  .  f  0^.  y{l))d^l) 

,  Zt{1)  ^  M  4(M  +  1) 

■^4M 

_  dx{M)  ,  I  f  ^-L(xiM))^-P(i{M)®im)dy[l) 

~  (£)(Zt(1))  ^  4(M  +  l)in> 

■^4(M  +  1)^< 

''"ui 

(9,8) 


n>  =  A'(l)n{?(l)  :  i(J(M))  > 
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where 


Substituting  this  expression  in  the  stationarity  condition, 

I  Af{x{M))7r{dx{M))dx(M)  =  J {-  [Kj,V2L{x{M))  +  ^M)]  o  V2/(f(M)) 

t,i=i  ^ 

Integrating  by  parts  the  second  term  on  right  side  and  using  boundary  conditions 
we  obtain, 

j  J  [V2f{x(M))^  o  {K^V^L{x{M))  +  p{M)}]  , 

which  is  negative  of  the  first  term  in  the  equation. 

Q.E.D 

Appendix  9.6  Proof  of  Theorem  2 

The  jump-diffusion  Markov  process  is  constructed  on  a  multi-dimensional  torus  sim¬ 
ilar  to  the  X2(-s)  component  of  the  process  X(s)  in  theorem  1.  With  only  the  change 
in  dimensions  of  the  torus  the  results  for  the  diffusion  component  are  again  referred 
to  [12]  as  in  proof  of  theorem  1.  In  this  case,  the  jump  moves  axe  performed  based 
on  the  Gibb’s  sampling  instead  of  the  Metropolis  algorithm  as  before,  therefore,  we 
need  to  verify  the  stationaxity  condition  for  the  jump  process.  Again,  we  will  prove 
this  condition  assuming  only  birth/death  of  tracks,  the  treatment  for  birth/deaths  of 
track  segments  being  of  similar  nature.  Using  the  intensities  stated  in  the  theorem. 
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the  detailed  balance  condition  is  verified  as  follows  (similar  to  Eqn  9.7). 


Af+i  .  M 

x(c(M))<ic(Af)  [  x;  /  «kW.W®i^(l)M5(l)  +  E«T(W.S>r’W)l 

j=i  j=i 

=  dciM)  [  ^  /  qUc{M)  ®j  </(!),  c(M))7r{c(M)  ©,-  d{l))dd{l) 
i=i 
M 

+  E«T(»>r'2(A/).S(M)Mp^’>c(M))  ] 

i=i 

After  substituting  the  intensities  q^,  qj  from  the  theorem  statement  and  analyzing 
only  the  terms  from  the  sums,  both  the  sides  reduce  to 


7r(c(Af))dc(M)[  f  ir{c{M)  @j  d{l))dd{l)  +  7r(p^’)c(M))  ]  . 
JC(1) 


Q.E.D 
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10.  GLOSSARY 


v{k) 

p{k) 

^k) 

M{3) 


the  velocity  vector  projected  onto  the  Dudy  frame  of  reference,  6  3?^. 

the  vector  of  target  position  in  inertial  frame  at  time  k,  €  3?^. 

the  vector  of  angular  velocities  of  the  airplane  projected  on  to  the  body  axes. 

the  parameter  space  of  the  airplane  orientations  given  by  the  torus  [0, 2-Kf 

with  0  identified  to  27r. 


A  the  discrete  alphabet  set  containing  symbols  for  all  target  types. 

l{k)  the  vector  of  Euler’s  angles  (pitch,  roll  and  yaw)  representing 
target’s  orientation  with  respect  to  the  inertial  frame,  €  .M(3). 
x^'^\k)  the  parameter  set  associated  with  target  m  at  time  k  <t, 

{a{k)J{k),p{k)}  €  (>f(3)  X  Ax  ^). 

appearance  and  disappearnce  of  the  m*'’  target,  its  dwell  time 

is  given  by  =  [4”*^  +  1, 

Xt{M)  the  set  of  parameters  defining  a  scene  containing  M-tracks  for  the  observations 
up  to  time  t,  xt(M)  =  ^  e  G  Xt{M). 

Xt{M)  the  parameter  subspace  associated  with  M  targets, 

= nLi  (Uw^i  (M(3)  X  >l  X  »")“”’  X  n)  . 

PCt  the  complete  parameter  space  for  obersvations  up  to  time  t,  U^=o  Xt{M). 

f{t)  the  vector  of  linear  forces  driving  the  airplane  along  its  body  axes. 

Pt{xt{M))  the  Gibb’s  energy  corresponding  to  the  prior  density. 
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Lt{xt{M))  the  .Gibb’s  energy  corr^ponding  to  the  hkelihood  of  the  data  collected 
up  to  time  t. 

Et{xt{M))  the  Gibb’s  energy  corresponding  to  the  posterior  density 
conditioned  on  the  data  collected  up  to  time  i, 

Et{x,{M))  =  Pt{St{M))  +  LtixtiM)). 

'the  64-element  Vandermonde  direction  vector  for  the  target 
at  the  location 

D{^^\k),..^^{k))  the  64  X  M  direction  matrix  having  a  column  of  Vandermonde  directior 
vector  for  each  target. 

yi{k)  the  64  length  complex  valued  data  vector  recorded  by  tracking  array  at  time  k. 

y-iik)  the  set  of  64  x  64  grey  scale  pixel  values  generated  by  imaging  radar  at  time  k  . 

If{l)  the  data  collected  by  tracking  array  up  to  time  t, 

If  (2)  the  imaging  data  collected  up  to  time  t, 

If{t)  =  {y2{k)  :  k  G  {!,..,<}  }•  . 

If  the  complete  data  set  up  to  time  t,  If  =  {If{l),If{l)}. 

V(-)  the  fax  field  orthographic  projection  transformation  used  to  model  the 

high  resolution  optical  imaging  sensor. 

ni(A;)  the  P-element  vector  of  i.i.d  random  variables  each  having  the  density  ~  N{0,al) 
representing  noise  at  the  tracking  array  at  time  k. 

Inertial  Frame  the  reference  frame  fixed  to  ground  based  sensor  systems. 

Body-Fixed  Frame  the  reference  frame  centered  at  the  origin  cf  inertial  frame 

but  parallel  to  airplane’s  body  axes. 
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Conditional-Mean  Estimation  Via  Jump-Diffusion 
Processes  in  Multiple  Target  Tracking/Recognition  * 


M.  I.  MillerWd  A.  SrivastavaT  and  U.  Grenander^ 


Abstract 

A  new  aigoritlim  is  presented  for  generating  the  conditional  mean  estimate  of  functions 
of  target  positions,  orientation  and  type  in  recognition  and  tracking  of  an  unknown  number 
of  targets  and  target  t3rpes.  Taking  a  Bayesian  approaudi  a  posterior  measure  is  defined  on  the 
tracking/target  parameter  space  by  combining  the  narrowband  sensor  array  manifold  model 
with  a  high  resolution  imaging  model,  and  a  prior  based  on  airplane  dynamics.  The  Newto¬ 
nian  force  equations  governing  rigid  body  dynamics  are  utilized  to  form  the  prior  density  on 
airpleme  motion.  The  conditional  mean  estimates  are  generated  using  a  random  sampling  al¬ 
gorithm  based  on  Jump-Diffusion  processes,  [1],  for  empirically  generating  MMSE  estimates 
of  functions  of  these  random  tcirget  positions,  orientations  and  type  under  the  posterior  mea¬ 
sure.  Results  are  presented  on  target  tracking  and  identification  firom  an  implementation  of 
the  algorithm  on  a  networked  Silicon  Grciphics  and  DECmpp/MasPar  parciUel  machines. 
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1  Introduction 


This  paper  focuses  on  automated  tracking  and  recognition  of  objects  in  remotely  sensed  complex 
dynamically  changing  scenes.  Grenander's  global  shape  models  are  used  herein,  extended  to 
parametric  representations  of  arbitrary  and  unknown  model  order,  in  which  typical  shape  is 
represented  via  templates,  with  variability  represented  via  transformation  groups  applied  to  the 
templates.  The  types  of  variability  associated  with  the  classical  geometry  are  accommodated 
via  the  Euclidean  groups  involving  both  the  rigid  motions  of  translation  and  rotation.  Since  the 
objects  are  under  dyuamic  motion,  the  parameter  spaces  involves  Cartesian  products  of  these 
similarity  groups. 

The  second  fundamental  t3rpe  of  variability  is  associated  with  the  model  order  (parametric 
dimension)  and  model  type  (recognition).  In  any  scene  there  may  be  variable  numbers  of  and 
different  kinds  of  targets  existing  in  the  scenes  for  varying  periods  of  time,  implying  the  target 
number  and  therefore  parametric  dimension  are  unknown  apriori.  Hence,  the  inference  or  hy¬ 
pothesis  space  becomes  a  search  across  countable  disconnected  unions  of  these  Cartesian  product 
groups,  with  the  model  order  and  model  type  a  variable  to  be  inferred.  We  take  a  Bayesian 
approach,  i.e.  we  define  a  prior  distribution  supported  on  this  countable  union  of  spaces,  from 
which  the  posterior  distribution  is  constructed.  The  parametric  representation  of  the  target 
scene  is  selected  to  correspond  to  conditional  expectations  under  this  posterior. 

As  we  are  particularly  interested  in  non-cooperative  moving  targets,  the  algorithms  are 
made  robust  to  motion  by  incorporation  of  knowledge  about  motion  dynamics  into  the  prior 
distribution.  The  Newtonian  force  equations,  a  system  of  differential  equations  governing  the 
motion  of  targets  are  used  to  induce  the  prior.  These  differential  equations  are  parameterized 
by  the  target  aud  or  sensor  type,  and  its  orientation  motion  described  by  rotations  in  the  3- 
dimensional  torus  group.  It  is  the  introduction  of  these  Newtonian  force  equations  which  makes 
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tracking  and  recognition  inseparable,  since  the  equations  of  motion  are  explicitly  parameterized 
by  the  sequence  of  airplane  orientations.  This  provides  the  significant  link  between  tracking 
algorithms  based  bn  data  from  narrowband  sensors  arrays  in  which  the  target  is  unresolved  in  the 
data  (effectively  a  point),  and  high  resolution  information  perhaps  provided  by  a  second  sensor 
preserving  the  orientation  information  from  which  target  recognition  is  performed.  In  part, 
it  is  this  fundamental  link  which  has  motivated  us  to  solve  the  tracking/recognition  problem 
in  a  single  consistent  estimation  framework  in  which  the  inference  proceeds  via  the  fusion  of 
multi-sensor  data:  in  our  case,  a  narrowband  sensor  array  output  and  high-resolution  images. 

Concerning  the  generation  of  conditional  expectations,  except  under  the  most  simplifying 
set  of  assumptions,  the  posterior  distribution  will  be  highly  nonlinear  in  the  parameters  of 
hypothesis  space,  thus,  precluding  the  direct  dosed  form  analytic  generation  of  conditional 
expectations.  Towards  this  end  we  have  taken  advantage  of  the  explosion  which  has  occurred  over 
the  past  10  years  in  the  statistics  community  on  the  introduction  of  random  sampling  methods 
for  the  empirical  generation  of  estimates  from  complicated  distributions;  see  for  example  the 
reviews  [2,  3].  Motivated  by  such  approaches,  we  have  previously  described  a  new  family  of 
random  sampling  algorithms  [4, 1]  for  generating  conditional  e.xpectations  in  such  disconnected 
h5rpothesis  spaces.  The  random  samples  axe  generated  via  the  direct  simulation  of  a  Markov 
process  whose  state  moves  through  the  hypothesis  space  with  the  ergodic  property  that  the 
transition  distribution  of  the  Markov  process  converges  to  the  posterior  distribution.  This  allows 
for  the  empirical  generation  of  conditional  e.xpectations  under  the  posterior.  To  accommodate 
the  connected  and  disconnected  nature  of  the  state  spaces,  the  Markov  process  is  forced  to 
satisfy  jump-diffusion  dynamics,  i.e.  through  the  connected  parts  of  the  parameter  space  (Lie 
manifolds)  the  algorithm  searches  continuously,  with  sample  paths  corresponding  to  solutions  of 
standard  diffusion  equations;  across  the  disconnected  parts  of  parameter  space  the  jump  process 
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determines  the  dynamics.  The  infinitesimal  properties  of  these  jump-diffusion  processes  are 
selected  so  that  various  sample  statistics  converge  to  their  expectation  under  the  posterior. 

The  original  motivation  for  introducing  jump-difiusions  in  [4,  1]  is  to  accomml)date  the 
very  different  continuous  and  discrete  components  of  the  object  discovery  process.  Given  a 
conformation  associated  with  a  target  type,  or  group  of  targets,  the  problem  is  to  identify  the 
orientation  and  translation  parameters  accommodating  the  variability  manifest  in  the  viewing 
of  each  object  t3rpe.  For  this,  the  parameter  space  is  sampled  using  diffnsion  search  in  which 
the  state  vector  winds  continuously  through  the  similarities  following  gradients  of  the  posterior. 
The  second  distinct  part  of  the  sampling  process  corresponds  to  the  target  t}rpe  and  number 
deduction  during  which  the  target  types  axe  being  discovered,  with  some  subset  of  the  scene  only 
partially  “recognized”  at  any  particular  time  during  the  process.  The  second  type  of  change 
in  parameter  space  are  associated  with  a  set  of  non-continuous  transformations  of  the  scene 
controlled  by  the  jiimp  process.  A  jump  in  h^rpothesis  space  corresponds  to  (i)  jumping  between 
different  object  types,  (ii)  hypothesizing  a  new  object  in  the  scene  or  a  “change  of  mind”  via 
the  deletion  of  an  object  in  the  scene,  or  (iii)  the  merging  or  splitting  of  tracks  and  objects.  The 
jump  intensities  are  governed  by  the  posterior  density,  with  the  process  visiting  configurations 
of  higher  probability  for  longer  exponential  times,  2ind  the  diffnsion  equation  governing  the 
dynamics  between  jumps.  It  is  the  fnndamental  difference  between  diffnsions  (almost  surely 
continuous  sample  paths)  and  jump  processes  (making  large  moves  in  parameter  space  in  small 
time)  which  allows  us  to  explore  the  very  different  connected,  and  non-connected  nature  of 
hypothesis  space. 

Now  automated  target  tracking  and  recognition  are  well  known  problems  in  the  signal  pro¬ 
cessing  cind  control  system’s  literature,  with  a  great  deal  of  published  work  on  multiple  target 
tracking  posed  as  state  estimation  problems  [5,  6,  7].  In  such  approaches  Kalman  filter  based 
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techniques  axe  emphasized,  with  Imear  descriptions  of  state  playing  a  fundamental  role.  For 
situations  in  which  the  observed  data  axe  non-linear  in  target  paxameters  the  use  of  the  ex¬ 
tended  Kalman  filter  has  been  proposed  corresponding  to  linear  approximations  which  prove 
valid  for  particular  scenarios.  There  also  now  exists  a  substantial  body  of  important  work  in 
tracking  the  directions  of  arriviug  signals  from  multiple  moving  sources  recorded  via  sensor  ar¬ 
rays  [8,  9,  10].  In  such  sensor  array  based  approaches  the  non-linear  relationship  between  the 
parameters  of  motion  and  the  sensor  data  axe  addressed  directly,  the  Imear  Kalman  filter  state 
equations  for  tracking  guiding  or  providing  initial  conditions  for  the  gradient  based  estimators 
generated  from  the  likelihood.  In  these  non-linear  data  models,  several  variations  of  the  gra¬ 
dient  based  techniques  axe  used  to  solve  the  problem  in  mostly  maximum-likelihood  settings. 
However,  the  majority  of  researchers  utilize  simplifying  assumptions  which  axe  not  always  valid 
in  a  general  tracking  scenario.  For  e,xample,  targets  may  be  assumed  stationary  between  sample 
times  with  multiple  (~  100)  snapshots  at  each  sample  time,  whereas,  in  general,  for  a  moving 
target,  each  data  sample  reflects  a  new  position.  Also,  though  researchers  base  their  models 
on  simplified  versions  of  target  dynamics  for  the  tracking  scenario,  mostly  constant  velocity  - 
constant  acceleration  state  constraint  equations  have  been  used  because  of  their  linear  nature. 
These  restricted  motions  are  partly  due  to  assumptions  required  for  Kalman  updating,  but  per¬ 
haps  more  fundamentally  due  to  the  separation  of  the  tracking  and  recognition  problems.  The 
more  informative  priors  used  in  this  paper  require  high  resolution  recognition  as  the  priors  axe 
coupled  to  the  target  tjrpe  and  its  orientations.  In  paxt,  this  is  one  of  the  major  results  of  this 
work. 

In  the  work  presented  here,  we  define  a  random  sampling  based  solution  for  generating  mini¬ 
mum  mean  squared  error  estimates  of  the  state  variables  for  tracking  and  recognition  problems  in 
a  general  setting.  We  assume  data  from  a  narrowband  sensor  array  providing  azimuth-elevation 
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data  for  object  tracking,  and  optical  or  radar  imagers  providing  detailed  information  about  tbe 
target-type  and  orientation.  Tbe  goal  is  to  track  and  recognize  tbe  unknown  number  of  non- 
cooperative  sources.  Tbe  paper  is  organized  as  follows.  In  section  2  we  define  tbe  parameter 
spaces  with  tbe  posterior  distribution  derived  in  section  3.  Section  4  describes  an  inference 
algoritbm  based  on  jump-diffosion  processes  and  section  5  presents  various  results. 


2  Recognition  Via  Deformable  Templates 


We  use  tbe  global  shape  models  and  pattern  theoretic  approach  introduced  by  Grenander  [11, 12] 
to  analyze  complex  scenes.  As  tbe  basic  building  blocks  of  tbe  hypotheses  we  define  a  subset 
of  generators  Q°,  which  contains  each  target  t3rpe  a  €  .4  (.4  is  tbe  alphabet  of  target  types) 
placed  at  tbe  origin  of  tbe  inertial  reference  frame  aligned  to  tbe  inertial  axes.  Tbe  fundamental 
variability  m  target  space  is  accommodated  by  applying  tbe  transformations  T{4>)  and  T{p)  to 
tbe  templates  g°  €Q°  according  to 
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where  <b  €  [0,2ff]^  with  0,2"  identified  (herein  referred  to  as  the  3-dimensional  toms  T(3)),  and 
j3  €  is  the  translation  vector.  These  parameterized  transformations  operate  on  the  templates 
from  Q°  generating  the  full  set  of  possible  elements  constituting  any  scene.  The  lefJ  panel  of 
Figure  1  shows  a  rendering  of  one  of  the  .3-D  ideal  targets  p®  6  Q°  under  one  such  transformation. 


The  Bayes  posterior  is  parameterized  via  the  set  of  transformations,  ais  well  as  the  airplane 
type.  A  pattern  consistiug  of  a  single  track  arises  from  a  single  target  appearing  amd  disappearing 
at  random  times  4™^  ?  4”*^  ^  observation  period,  with  the  m-th  track  parameter  vector 

an  element  of  the  space  x  A,  Ab  =  T(3)  x  3?^.  The  s5r[iibol  ■{  is  used 

to  denote  the  absence  of  the  target  from  the  scene.  It  will  be  useful  for  us  to  introduce  the 
notation  x(”‘)(r),r  6  [to,t]  to  denote  the  set  of  parameters  encoding  the  m-th  target  at  time  r. 
An  M-track  parameter  vector  x{M)  becomes 


x{M)  €  Xt{M)  = 


liW 


X  A 


(3) 


Since  the  number  of  the  targets  M  is  unknown  a  priori,  the  complete  parameter  space  is  defined 
as  At  =  U^rro  .  The  estimation  problem  is  to  estimate  the  individual  configurations  as 

wen  as  the  number  M. 


3  Bayesian  Posterior 

Minimum  mean  squjired  error  (MMSE)  parameter  estimates  are  generated  via  their  empirical 
computation  tmder  the  posterior  measure.  As  the  posterior  is  proportional  to  the  product  of 
the  prior  density  and  the  observed  data  likelihood  we  first  derive  a  prior  on  the  parameter 
space  followed  by  a  model  for  the  data  generation  which  determines  the  posterior.  For  real 
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time  estimation  problems,  the  posterior  density  is  an  explicit  function  oft  denoted  Tt(-).  In 
Bayesian  approach  the  estimates  are  for  each  time  t  conditioned  on  the  data  observed  up  to  that 
time  t. 

3.1  Prior  Density  on  Parameter  Space  Xt 

Airplane  dynamics:  The  formulation  of  the  prior  measure  on  airplane  positions  is  based  on 
equations  of  motion  for  rigid  bodies.  We  use  an  approach,  in  which  the  prior  is  induced  via 
partial  differential  equations  by  assuming  the  forcing  function  to  be  a  white  process,  which  in¬ 
duces  a  Gaussian  process  with  covariance  corresponding  to  the  differential  operator  expressing 
airplane  djmamics.  For  this  purpose,  we  use  a  formulation  of  airplane  dynamics  through  dif¬ 
ferential  equations  as  described  by  Cutaia  and  O’Sullivan  [13].  Airplane  dynamics  are  most 
straightforwardly  expressed  using  the  velocities  projected  along  the  body-fixed  axes,  called  the 
body-frame  velocities  and  here  denoted  v{s)  =  [ui(s)  V2(s)  1^(5)].  They  are  depicted  in  the  right 
panel  of  Figure  1. 

Following  standard  rigid  body  analysis  (see  [14],  for  example)  and  neglecting  the  earth’s 
curvature,  motion  and  wind  effects,  the  translational  velocities  17(5)  and  rotational  velocities 
9(-s)  =  [91(5)  92(5)  93(5)]  satisfy  the  following  set  of  differential  equations: 

-  ®(>s)u2(s)  +  q2is)vz{s)  =  fi{s)  , 

^2(5)  T-  q3{s)vi{s)  -  qi{s)vz{s)  =  /2(s)  , 
vsis)  -  q2(s)vi(s)  -f-  qi(s)v2(s)  =  fsls)  , 
fi9i(^)  -  (h  -  h)q2{s)q3{s)  =  ri(s)  , 

T292(-S)  -  (Is  -  11)91(5)93(5)  =  r2(5)  , 

1393(5)  -  (/l  - 12)5^(5)51(5)  =  13(5) , 

A-90 


(4) 


where  [/i(5)  /2(s)  /sC^)]  is  the  vector  of  applied  translational  forces,  [Ji  h  h]  is  the  vector 
of  rotational  inertias,  and  [11(5)  13(5)  13(5)]  is  the  vector  of  applied  torques.  The  first  three 
equations  describe  the  airplane’s  translational  motion,  while  the  next  three  describe  its'fotational 
motion. 

At  this  time  the  prior  which  we  have  used  for  tracking  is  "somewhat  less  informative”  in 
that  only  the  first  three  equations,  on  translational  motion,  are  used;  detailed  models  of  the 
targets  associated  with  the  torques  for  describing  the  rotational  motion  are  not  yet  explicitly 
incorporated.  The  system  matrix  A(©(s),^s))  parjuneterizing  Eqns.  4  is 


0 

-93(5) 

92(3) 

93(5) 

0 

-91(3) 

-92(5) 

91(5) 

0 

with  the  velocities,  inertial  positions  and  Euler  angles  are  related  using  the  standard  transfor¬ 
mation  to  relate  body-frame  velocities  with  inertial  frame  positions  according  to 

p(s)=  [  $(r)u(r)dr  +  p(to),  (5) 

-/to 

where  p{to)  the  initial  position  is  assumed  known  and  $(r)  is  the  standard  orthogonal  rota¬ 
tion  matrix  given  in  Eqn.  1  parameterized  by  the  Euler  angles  ^(r).  The  rotational  motion 
determines  the  prior  since  with  reference  to  the  fixed  inertial  frame  the  angular  velocity  projec¬ 
tions,  q{s),  onto  the  rotating  body  axes  determine  the  system  matrix  A(©(s),  <^s)).  The  q{s) 
vectors  are  none  other  than  the  rates  of  change  of  the  Euler  orientation  angles  according  to 
<li  =  <h-  4>zsin{4>2),  92  =  <i>2Cos{<h)  +  <hcos{<p-z)sin{<pi),  93  =  +  <^cos(^)cos(<^). 

For  the  construction  of  the  "informative"  part  of  the  prior,  first  condition  the  linear  dif 
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ferential  equations  on  the  sequence  of  system  matrices  A(©(s),^s)),  via  conditioning  on  the 
sequence  of  Euler  rotation  ajigies.  Then  the  velocity  process  is  a  conditional  Gaussian  process 
induced  by  assuming  the  forcing  function  on  the  momentum  equation  to  be  a  white  process  of 
fixed  spectral  density.  The  covariance  function  is  derived  as  follows.  Define  the  state  transition 
matrix  $(r,  •)  as  the  unique  solution  of  the  matrix  differential  equation 

=  -A(<©(s),  <l>{s))M{s)  ,  M{t)  =  I ,  (6) 

then  the  covariance  of  the  body  frame  velocity  process  becomes 

rin(3i,32) 

where  ICy{tQ,to)  is  the  covariance  of  the  initial  velocity,  u(to).  The  inertial  position  process  is 
then  Gaussian  with  covariance  /Cp(si,52)  =  '5(n)A:„(ri,r2)t1’(r2)dridr2  .  The  covari¬ 

ance  function  is  parameterized  by  the  sequence  of  airplane  orientations  thereby  demonstrating 
the  fundamental  link  between  tracking  unresolved  targets  and  high-resolution  recognition  algo¬ 
rithms. 

The  more  "diffuse”  component  of  the  prior  is  developed  by  assuming  the  Euler  angles  are 
fixed  for  small  sampling  intervals,  giving  a  sequence  of  angles  (p{l),<j)(2),. .  ^  =  <f>{s),s  e 

(i  +  1)A).  Then,  the  marginal  on  <p{j)  takes  the  form  of  a  Markov  Von-Mises  prior  on 
the  torus  T(3)  (see  e.g.  [15])  with  the  density  nLi  >  ^^ere  Jo(-)  is  the 

modified  Bessel  function  of  the  first  kind  and  order  zero,  and  k  =  [/?i  K2  ks]  is  the  vector  of 
concentration  parameters,  and  <p{j)  =  [^(j)  <^(j)  ^(j)]  is  the  mean  of  <p{j).  The  orientation 
process  is  made  Markov  by  assigning  the  previous  state  as  the  mean  of  the  present  state,  giving 
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a  potential  of  the  form 


^  2  KiCOs{<i>iij)  -  <i>i{j  -  1))  .  (8) 

j  »=i 

Recognition:  We  want  to  drive  the  algorithm  towards  deductions  which  are  as  simple  as 
possible.  Therefore,  we  use  priors  based  on  run-length  coding  to  encourage  h3rpotheses  with 
minimal  numbers  of  aggregated  tracks.  For  this,  associate  with  a  target  appearing  at  time  4”*^ 
and  exiting  at  time  number  ofbits  log“t^^ +log\A\  +  ^t^hog{sample  — 

size),  log*  the  iterated  logarithm  log  -i-  loglog+ . . .  defined  by  Sissanen  [16, 17]  for  constructing 
priors  on  the  reals.  Then  the  complexity  prior  for  an.  M-track  scene  has  potential 

(log’t^^  -1-  log*t^^  +  log\A\  -r  log{sample  —  size)^  .  (9) 

3.2  Data  Likelihood 

The  likelihood  of  the  collected  data  correspond  to  two  sensor  types,  a  tracking  sensor  consisting 
of  an  array  of  passive  sensors  and  a  range  radar,  and  a  high-resolution  imaging  sensor. 

Low  resolution  tracking:  As  shown  in  the  left  panel  of  Figure  2,  for  azimuth-elevation 
coordinate  tracking,  a  cross  array  of  n  isotropic  sensors  is  assumed  as  in  [18, 19,  20,  21]  using  the 
standard  narrowband  signal  model  developed  in  [22].  Accordingly,  depending  on  the  geometry 
of  the  sensor  arrangement,  the  phase  lags  of  the  signal  reaching  different  sensor  elements  are 
known  functions  of  the  source  locations.  The  deterministic  signal  model  for  sensor  arrays  is  used 
in  which  the  n  x  1  sensor  array  measurement  vector  yi('r),  r  G  [to,t]  is  complex  Gaussian  dis¬ 
tributed  with  diagonal  covariance  and  mean  E{yi{T)}  =  13^=1 

with  signal  amplitude  of  the  m-th  track  at  time  r.  Notice  the  indicator  function 

selects  the  targets  that  contribute  to  the  array  manifold  at  time  r,  d(p(”^^(r))  is 
the  direction  vector  determined  by  the  array  geometry  and  the  position  of  the  m-th  target. 
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Since  tlie  trackmg  array  responds  to  the  inertial  positions  of  the  target  most  natnraJly  in 
azimnth  and  elevation,  we  convert  from  rectangular  coordinates  p{t)  =  [pi(t)  P2{t)  PsC^)]  S 
to  polax  coordinates,  [r(t)  ai{t)  02(0]  €  x  [0,2ff)^,  (range,  elevation  and  azimuth )'nsing  the 
standard  relationship, 

^  =  \/vl  -rpl-rvi  >  O'!  =  arctan—j=M=  ,  0-2  =  arctan—  .  (10) 

VpI  +  p^ 

High  resolution  imaging:  While  the  statistical  models  for  high-resolution  radar  imagtug 
are  being  incorporated  in  this  problem  by  others  ([23,  24,  25,  26,  27,  28]),  all  of  the  results 
shown  here  are  based  on  an  optical  imaging  system  as  depicted  in  the  right  panel  of  Figure  2.  In 
this  system,  the  data  are  a  sequence  of  2-D  images  resulting  from  projecting  the  scene  volume 
containing  targets  onto  the  focal  plane  of  the  imaging  sensor;  i.e.,  the  imaging  process  is  modeled 
as  a  far  field  orthographic  projection.  Since  the  parameter  set  x{M)  completely  determines  the 
imaged  volume,  the  projection  is  a  deterministic,  operation  from  the  parameter  space  to  the 
measurement  space  "P  Xt  —  where  £  is  the  2-D  image  space.  For  all  of  the 

results  shown  here  the  high-resolution  imaging  data  is  a  non-zero  mean  white  Gaussian  process 
with  mean  the  projective  transformation  of  the  scene:  E{y2{T)}  =  P(x(r)),  r  e 

The  posterior  distribution  is  obtained  as  the  product  of  the  data  likelihood  and  the  prior 
density  and  is  defined  explicitly  by  Eqns.  11,12  below. 

Remark:  For  observing  the  range  locations  of  the  targets,  a  range  radar  is  assumed  with 
the  observations  modeled  as  normally  distributed  with  mean  |p(r)|,  the  2-norm  of  the  position 
vector  at  time  r  6 
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4  Random  Sampling  for  Generating  Conditional  Expectations 


4.1  The  parameter  space. 

In  paxtictdarizing  the  jump-diffasion  aigorithm  to  the  multiple  tracking  problem  it  wiu  be  con¬ 
venient  to  suppress  explicit  dependence  on  time  t.  Therefore,  for  each  time  t  we  wiE  have  a 
distribution  for  which  the  jump-diffusion  process  will  be  constructed.  The  parameter  spaces 
themselves  will  be  indexed  by  t.  and  form  an  increasing  family  of  spaces. 

The  crucial  part  of  the  problem  still  remaining  is  the  derivation  of  the  ioference  algorithm: 
For  all  of  the  possible  scenes  we  assume  that  the  targets  are  stationary  during  some  fundamental 
data  sampling  intervals,  with  the  parameters  and  sensor  data  represented  by  their  values  on  some 
index  set  J  the  total  number  of  sample  points  in  the  observation  interval  Tj  6  [to,  t]- 

Note,  J  is  actually  a  function  oft.  Then  an  if -track  parameter  vector  becomes  x{M)  €  X{M)  = 
('^o  U{it}y'^’^  complete  parameter  space  being  X  =  Uw=o  X{M).  It  will  be  useful 

to  define  the  number  of  track  segments  in  the  m-th  track  and  the  total  number  of  track- 
segments  as  ra(if),  implying  for  example,  x{M)  6  X^^^^  x  A^. 

The  posterior  p  is  of  the  Gibb’s  form  with  the  potential  Hm  for  x(if )  €  X{M)  becoming 


m=l 

m=l  \  i=2  i=l  / 

+  E  -i-  +  log\A\  -I-  ^n^”^Hog{sample  -  size)^  .  (li; 


The  first  two  quadratic  terms  are  associated  with  the  tracking  data  and  the  high  resolution 
imaging  data.  The  last  three  terms  are  the  prior  terms  on  the  tracking  parameters,  Von- 
Mises  orientations  and  track  comple.xity,  respectively  For  arbitrary  x  £  X,  define  the  potential 
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Sm{^)  =  0,  for  X  ^  X{M).  Then  the  posterior  measure  n{-)  with  density  t(-)  is  in  Gibb's  form 


according  to 


with  the  normalizer  Z  =  Em=o  Ix^m) 

Now  for  the  development  which  follows  it  will  be  convenient  to  define  the  part  of  the  posterior 
which  does  not  include  the  prior.  This  we  define  as  Lm  and  is  given  by  the  formula 

J  M  j 

Lm{x{M))  =  IM  2  \yx{r,)  -  Y.  d{x^^\Ti))lx^{x^^\r^))\'^  +  ^  \y^(ry  -  V{x{ry)\^  , 

i=l  m=l 

with  the  prior  potential  term  denoted  by 


M  (  n(™)  3  \ 

Pm{x{M))  =  E  !- 

771=1  \  j=2  i=l  j 

M 

+  Yi  +  log't^^  +  iog\A\  +  -t^hog{sample  —  sire))  . 

771=1  ^  ' 


Remark:  Notice,  in  identifying  model  M  with  an  M-track  configuration  the  potential  must 
be  adjusted  so  that  the  m-th  track  covariance  is  an  x  rel”*)  matrix  appropriate  for 
the  m-th  track.  We  would  be  more  precise  by  identifying  models  with 

index  fe  G  1^,  from  which  the  potential  is  then  uniquely  defined  in  the  usual  sense.  However, 
with  the  subtle  breach  of  notational  convention  we  simply  define  Em  as  the  potential  associated 
with  an  M-track  configuration  and  modify  the  potential  according  to  the  variable  numbers  of 
parameters  associated  with  the  tracks. 
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4.2  The  basic  jump-diffusion  set-up. 


Tlie  crucial  part  of  tlie  problem  stiU  remainiiig  is  the  derivation  of  the  inference  algorithm:  that  is 
how  shall  we  carry  out  hypothesis  formation?  We  follow  the  analysis  outlined  in  [4,  1],  in  which 
conditional  expectations  with  respect  to  the  posterior  density  ff(-)  axe  generated  empirically. 
First  identify  with  each  model  an  index  k  £  'R  with  parameter  space  of  dimension  n{k). 
The  full  hypothesis  space  X  =  The  posterior  distribution  p.  is  then  of  the  Gibb’s 

type  supported  on  A',  i.e.  for  all  set  C  Lebesgue  measurable, 


k=0 

^JAnxik)  Z 


dx{k)  . 


(13) 


The  goal  is  to  essentially  sample  from  p  generating  a  sequence  of  samples  JY’(5i),X(s2), . . .  with 
the  property  that 

l/nf;/(Z(sj))"^  f  f{x)p{dx)  .  (14) 

i=i 

This  we  do  via  the  construction  of  a  Maxkov  process  X(s)  which  satisfies  jump-diffusion  dynamics 
through  X  in  the  sense  that  (i)  on  random  exponential  times  the  process  jumps  jfrom  one  of  the 
countably  infinite  set  of  spaces  Ar(A),  A  =  0, 1, ...  to  another,  and  (ii)  between  jumps  it  satisfies 
diffusions  of  dimension  n(k)  appropriate  for  that  space. 

The  process  X{s)  within  each  of  the  multiple  sub-spaces  is  a  diffusion  with  infinitesimal 
drifts  a(x(&))  €  and  infinitesimal  variance  matrix  B(x(k)),  an  n(k)  x  n(k)  matrix.  It  is 
the  existence  of  this  multiple  disconnected  union  of  spaces  X  which  motivates  the  introduction  of 
the  second  transformation  type  on  the  models,  transformations  which  act  by  changing  one  model 
type  to  another  with  its  resulting  configuration.  The  transformations  we  shall  term  simple  moves 
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whicli  are  drawn  probabilistically  from  a  family  T  of  changes  in  the  model  types  &  €  and  are 
applied  discontinuously,  with  the  simple  moves  defining  transitions  through  K,  M  ^  The 
family  of  transitions  are  chosen  large  enough  to  act  trajisitively  in  the  sense  that  given  any  pair 
A:',  V  G  N  it  should  be  possible  to  find  a  finite  chain  of  transitions  that  leads  from  to  /fc". 

The  set  T  controls  the  jump  dynamics  in  the  jump-diflfusion  processes  as  follows.  The 
jump  process  corresponds  to  movement  from  one  subspace  to  another  on  the  jump  times  with 
transition  probabihty  measure  Q{x,dy)  =  2^,  fxQix,dy)  =  1.  The  measures  q{x,dy)  are 
defined  in  the  standard  way  [29];  g(z,dy)  =  lim^-o  ^  (Pr{X(s  +  e)  e  dy|X(s)  =  x}  -  Uy(x)j  , 
with  q(x)  =  The  set  J-  determines  which  measures  are  non-zero. 

As  we  have  shown  for  purely  Euclidean  spaces  [4,  1],  the  proper  choice  of  jump  transition 
measures  and  diffusion  drifts  and  variances  (stochastic  gradients)  will  mtike  ft  oil  X  invariant 
with  ergodic  averages  generated  from  the  process  converging  to  their  expectations.  See  theorem 
1  of  [1]. 


4.2.1  The  jump  process. 

The  jump  process  is  controlled  by  the  family  of  changes  .F  which  control  the  movement  through 
the  non-connected  subspaces.  Changes  in  model  type  will  include  increasing  and  decreasing  track 
length,  increasing  and  decreasing  number  of  tracks,  and  changing  the  target  types.  The  set  of 
transformations  are  defined  as  .  The  first  two  correspond  to 

deletion  or  removal  of  the  j-th  track  and  segment,  which  are  mappings  x 

^0^  ^  X  X  A^  ->■  X  A^,  respectively.  The  second  two  are 

birth  operators  birthing  tracks  and  segments  to  the  j-th  place  or  track,  and  are  mappings 

4i)  :  ^  X  .4"+',  X  >1"  -  <<">«  X  >t".  respectivdy. 

The  last  operator  simply  changes  the  target  type,  •;?„(»  :  xA^  ^  x  A^.  It  should 
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be  noted  that  the  addition  of  only  unit  length  tracks  is  allowed,  and  unit  length  track  segments, 
as  well  as  deletions  of  only  unit  length  tracks  or  segments.  Define  the  set,  of  indices  of  tracks  in 
x{M)  which  axe  candidates  for  deletion,  by  {m  :  1  <  m  <  =  1}  and  let  Mi(x{M))  be 

the  cardinality  of  this  set.  For  the  increments  in  parameter  space,  an  explicit  notation  denoting 
a  specific  segment  or  track  added  to  the  configuration  will  be  needed.  Let  ©j  stand  for  the 
addition  of  track  segments  or  tracks  to  the  existing  configuration,  i.e.  x(ikf)  ©^  y(l)  represents 
an  .W  -i-  1  track  configuration  formed  by  adding  y(l)  to  x{M)  at  the  j-th  location  in  the  list, 
and  x{M)  @j  y  signifies  addition  of  a  segment  to  the  j-th  track  of  x{M). 

These  are  the  only  transformations  of  model  t3rpe  that  are  allowed.  To  carry  the  evolution 
of  the  state  forward  from  the  diffusion  we  make  the  jump  measures  singular  with  respect  to  the 
Lebesgue  measures  in  the  respective  subspaces  which  the  jump  transformations  move  into.  For 
this,  the  part  of  the  state  which  is  not  being  added  or  deleted  remains  unchanged  after  the  jump 
transformation.  This  corresponds  to  the  following  transition  measures  of  the  type, 


iw+i 

q{x{M), dy{M  +  1))  =  +  l))^r(A/) +  l)))<iy(l)  , 

j=i 

M 

q{x{M),dy{M))  = 

i=i 

M 

i=\ 

M 

J=l 

M 

q{x{M),  dy{M  -  1))  =  qK^M),  y{M  -  l))6,.  , -  1))  (15) 

j=i 


Let  C  H  be  the  set  of  models  that  can  be  reached  from  x(M)  in  one  jump 

move,  and  A'(.F^(x(i¥)))  the  space  containing  the  configurations  of  these  types.  The  total  jump 
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intensity  becomes 


Tbe  diffusion  process  between  jumps  controls  the  dynamics  of  X(s)  in  their  respective  sub¬ 
spaces.  For  the  sub-space  associated  with  M  tracks  having  n{M)  segments  the  diffusion  flows 
through  the  manifold  x  associated  with  the  orientations  (f>  6  T(3) 

and  positions  p  £  R^.  The  restriction  of  a  previous  result  in  Theorem  1  from  [1]  to  Euclidean 
spaces  unfortunately  prevents  its  direct  application  to  the  tracldng  problem  in  which  the  torus 


is  involved.  Even  the  most  innocuous  appearing  stochastic  differential  equation  (S.D.E.)  make 
little  sense  when  the  manifold  is  curved  in  any  way.  This  forces  us  to  use  more  general  results 
on  Lie  manifolds  as  described  in  [30]  and  adapted  to  the  tracking  case  as  follows. 

Associate  with  the  flrst  3n(il!f)  components  of  the  state  vector  the  flow  through 


and  the  last  Zn(M)  components  the  flow  through  according  to  X(s)  =  [Xi(.s),X2(s)], 

Xi(s)  €  r(3)”(^),  X2{s)  €  .AJso,  define  conditional 

prior  densities  on  the  single  track  and  single  segment  spaces  given  the  current  configuration 


x(M),  respectively,  with  Zt(I)-,  Zs{1)  being  their  normalizers.  Fj  denotes  the  attachment  of  the 


segment  y  to  the  j'^-track  of  the  set  x{M).  Then  we  have  the  following  theorem. 


Theorem  1  IF  the  jump  diffusion  process  X(s)  has  the  properties  that 

1.  the  diffusion  X(s)  vntkin  any  of  the  subspaces  Xq^^  satisfies  the  S.D.E. 


Xx(s) 

=  Xii0)+  ^-lv^HM{X{T))dT+W^{s)] 

•'0  ^  Jmod  2-r 

(in 

XoSs) 

=  X2{0)  +  -\v2HM{X{T))dT  -b  W2(S)  , 

(18) 
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where  [-]mod  2t  is  taken  componentwise,  Vi,  V2  are  the  gradients  with  respect  to  the  ori¬ 
entation  and  position  (velocity)  vectors  respectively,  andWi{s),W2{s)  are  standard  vector 
Wiener  processes  of  dimensions  Zn{M), 


2.  and  the  birth/death  parameters  of  the  jump  measures 


ql{x(M),x{M)®j  y)  = 
qf{x{M),d%x(M))  = 

qi{x{M),^%x{M))  = 
qa{x{M),dj^j)x{M))  = 


1  --P(s(l)ia:(iW)) 

5(iV/  +  l)  Zt(1)  ’  ^ 

-oM^  Zs{l)  ’  ^  ’ 


5Mi{x{M)) 


Zt{1) 


hm>o}iMi{x{M))  , 


j  6  {m  :l  <  m  <  =  1}  , 


5M  Zs{l) 

5iV/ 


j  =  , 


(19) 


THEN,  X(sj)  converges  in  variation  norm  to  fi. 

Proof:  Tlie  proof  follows  tlie  general  approack  in  [1,  30]  witk  details  sninmarized  for  tlds 
problem  in  tke  Appendix. 

4.3  Algorithm  Implementatioii 

Tke  jump-diffusion  process  satisfying  Tkeorem  1  is  constructed  as  follows.  Initialize  with  to  = 

0,  j  =  0. 

1.  Generate  an  exponential  random  variable  u  with,  mean  1. 

2.  For  5  e  [dt-Tdi  +  u),  X(s)  follows  the  stochastic  differential  Eqns.  17,18  in  subspace  deter¬ 
mined  by  X{si). 
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3.  On  random  time  Si+i  =  5,-  -f-  u,  define  Zoid  =  determine  M  =  Mold  of  Xoid  tie 


nnmber  of  tracks  in 


4.  Draw  one  of  tie  3  possible  jump  choices  from  the  set  {t*,  s^,  s‘^,  a}  according  to  the  distri¬ 
bution  with  Z  =  j+|2T(l)l{m>o}(-‘^i(a:ow)) 

ff,  then  draw  a  1-length  track  y(l)  from  a  uniform  prior  on  x  A  and  draw 
j  €  {1, 2, . . ., M  -b  1}  uniformly: 


®iiew  ‘  3:old  ©j  y(l)  • 

Else  If,  draw  j  €  {m  :  1  <  m  <  M,  =  1}  uniformly: 

Xnew  *  ^t(i)®old  • 

Else  fr,  s^,  then  draw  j  €  {1,2, .  uniformly  and  draw  y  £  Xq  from  the  Von-Mises 

prior  on  T(3)  and  tie  Gaussian  prior  on  3®^,  conditioned  on  the  current 

track  configuration: 

^new  ■*  ^old  ©j  V  - 

Else  If,  draw  j  €  {1,2,...,  M}  uniformly: 

^neru  '  ‘^^jy^old  • 

Else,  Draw  j  €  {1,2,...,  M}  uniformly: 

^new  '■  ^a(i)2:old  • 
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5.  Detenniae  Mnew  of  ^^new  • 

6.  If,  L^^^^^{Xold))  ~  -I'AfnewC^new)  >  Oj  ^Tnevir 

Else  X(st+i)  ^  Xnew  witE  probability  e~t^*fBew(®i««w)-LM^^j(roi<i)]  gjid 

Else  X{si+i)  ^  Xold  with  probability  1  — 

7.  i  ■^—  i  +  1,  return  to  1. 

Since  a  track-segment  of  length  1  correspond  to  y  €  Xq  consisting  of  the  position  and 
orientation  components,  the  discretized  form  of  Eqn.  4  is  used  for  the  position  and  the  Markov 
Von-Mises  prior  on  the  toms  T(3)  used  for  the  orientation  component.  The  candidates  for 
deletion  are  obtained  by  removing  the  last  segment  from  the  current  track  estimate  or  the 
j-^  track  estimate  itself. 

5  Results 

Below  we  focus  on  single  track  identification  in  3-D  space;  see  [31]  for  multiple  target  tracking 
in  2-D. 

For  the  implementation  of  the  jump-diffusion  algorithm  for  estimating  the  motion  of  a  single 
target,  i.e.  M  =  1,  the  parameter  space  becomes  x  A.  For  the  implementation  there 

are  a  total  of  two  target  types,  A  =  {1,2}.  The  algorithm  was  jointly  implemented  using 
the  flight  simulator  software  on  the  Silicon  Graphics  workstation  for  generating  the  data  sets, 
and  a  massively  parallel  4096  processor  SIMD  DECmpp/MasPar  machine  for  implementing  the 
tracking-recognition  algorithm.  Figure  4  shows  the  simulation  environment  for  a  sample  target- 
flight  observed  by  sensor  systems  located  on  ground  represented  by  the  mesh.  The  target  motion 
is  observed  at  1500  times  during  the  flight. 

The  array  geometry  corresponds  to  a  64-element  cross-array  of  isotropic  sensors  located  at 
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half- wavelength  spacing.  The  tracking  data  {yi{r),T  6  [to,^)}  is  a  64-eIement  conaplex  vector 
with  mean  d(p(r))s(T)  and  additive  complex  Ganssian  white  noise  of  the  Goodman’s  class.  The 
direction  vector  corresponds  to  the  cirray  takes  the  form 


where  Ai(r)  =  -cos(Q:i(r))5zn(a2(r)),  and  A2(r)  =  Tcos(Q;i(r))si7i(a2(r)),  ai(r),  a^ir)  is  the 
aizimnth,  elevation  angles  of  the  target  position  ?{”)-  Since  we  use  the  velocity  representation 
the  azimuth  and  elevations  are  generated  using  the  standard  coordinate  transformation  of  Eqns. 
5,10.  The  upper  panels  in  Figure  3  display  the  azimuth-elevation  power  spectra  of  the  tracking 
data,  generated  by  projecting  the  data  vector  onto  the  candidate  direction  vectors,  for  two  target 
locations. 

The  2-D  imaging  data  {y2{T),  t  €  [toji)}  consists  of  4096  Gaussian  random  variables  associ¬ 
ated  with  a  64  X  64  imaging  lattice.  The  mean  is  P(x(t))  where  7’(-)  is  simply  the  2-D  projection 
of  the  rendered  object  positioned  and  oriented  at  p(r),  d'(r),  with  additive  noise.  The  lower  pan¬ 
els  in  Figure  3  show  two  data  samples  obtained  by  high  resolution  im aging  of  the  target  along 
its  flight. 

At  any  given  time  t  the  jump-diflusion  algorithm  is  run  to  generate  samples  from  the  posterior 
distribution  generated  by  the  data  up  to  time  t.  This  simulation  is  performed  until  the  next 
data  set  arrives  at  t  -i-  1  when  the  algorithm  starts  sampling  from  the  new  posterior.  For 
sampling  the  jump-diSusion  Markov  process  is  constructed  as  follows.  For  the  singlp  object  case 
the  possible  jump  transformations  through  parameter  space  involve  either  addition  of  a  track 
segment  y  £  A'o,  deletion  of  a  track  segment,  or  a  change  of  target  type.  The  set  of  changes 
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T  =  transformations  of  the  type 


x(l)  e  X  -4 

-  i(l)  01  y  €  X  >1  , 

(20) 

i(l)  €  X  >1 

-  e  X  A  , 

(21) 

r(l)  €  X 

-  d,a)x(l)eA'o"^'^x.4. 

(22) 

Shown  in  Figure  4  is  the  evolution  of  the  random  sampling  algorithm  for  estimating  the  target 
track.  The  grey  track  represents  the  true  airplane  path,  consisting  of  1500  track  segments,  used 
in  data  generation  with  the  estimated  track  shown  overlapping  in  black  at  three  different  times 
during  the  estimation.  Figure  5  shows  a  magnified  view  of  a  section  of  the  track,  formed  of  8 
track-segments,  being  estimated  by  the  jump-diffusion  algorithm.  The  top  4  panels  illustrate 
the  jump  part  of  the  algorithm  for  which  we  have  turned  off  the  diffusion.  These  upper  panels 
shows  successive  guesses  of  the  jump  process  which  continually  attempt  to  add  and  delete  new 
track  segments.  Since  the  actual  object  has  created  a  path  which  is  longer  then  that  which  has 
been  inferred  by  the  algorithm  during  the  early  segments,  the  jump  process  always  chooses  to 
add  new  track  segments.  Notice,  that  on  each  addition  the  new  segment  is  drawn  from  the  prior 
on  flight  d3mamics,  which  are  parameterized  by  the  track  up  to  that  point  in  time.  Hence,  the 
jump  algorithm  tends  to  infer  track  segments  which  are  dose  to  the  true  track  if  the  current 
state  vector  is  dose  to  it.  Because  the  diffusion  has  been  turned  off,  notice  the  disparity  between 
the  track  and  the  state  of  the  algorithm. 

The  lower  panels  show  the  result  of  applying  the  diffusion  to  the  state  vector.  The  flow  of  the 
panels  corresponds  to  increasing  simulation  time  as  the  diffusion  simulates  from  the  posterior 
with  the  state  brought  into  alignment. 

Figure  6  depicts  the  importance  of  the  dynamics  based  prior.  Based  on  the  equations  of 
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motion  and  tJie  track  history  the  candidate  segments  are  generated  and  accepted/rejected  ac¬ 
cording  to  their  likelihood.  To  show  the  support  of  the  prior  distribution  in  "phase  space”,  the 
upper  panels  plot  the  10  highest  prior  probability  candidates  placed  at  the  track  end  for  the 
algorithm  to  choose  from.  Each  panel  corresponds  to  a  different  time  during  the  inference.  The 
top  row  shows  that  if  the  track  vector  is  close  to  the  true  track,  the  cone  of  candidates  predicts 
well  the  future  position.  The  lower  panel  shows  the  effect  of  the  track  state  deviating  fixim  the 
true  path,  where  the  cone  of  prediction  is  not  close  to  the  fnture  airplane  position. 

Figure  7  demonstrates  the  global  importance  of  the  prior  distribution  in  estimating  a  portion 
of  the  target  path.  The  algorithm  was  run  with  and  without  the  prior  measure,  under  the 
same  parameters,  with  the  results  shown  in  the  figure.  The  upper  panels  show  the  sequence  of 
estimates  obtained  from  the  algorithm  without  any  information  from  airplane  dsmamics.  The 
lower  panels  use  the  prior  information  based  on  the  equations  of  motion  describing  the  airplane 
flight. 
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7  Appendix 

Proof  of  Theorem  2:  The  proof  has  two  parts:  (i)  showing  that  -  is  an  invariant  density  of  the 
process,  and  (ii)  verifying  that  the  process  is  irreducible  and  therefore  x  is  the  unique  invariant 
density.  Part  (ii)  follows  directly  that  in  [30]  using  the  properties  of  the  jump  process  and  the 
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fact  that  the  diffasions  are  each  irreducible  over  their  respective  subspaces.  In  part  (i)  we  need 
to  verify  the  stationarity  for  both  the  jump  and  difiusion  components  of  the  Markov  process. 
The  generator,  or  backward  Kolmogoroff  operator,  for  the  jump-diffusion  process  (d&ote  it  as 
.4  =  -4*^  -f-  A’  (diffusion-fjump))  characterizes  the  stationary  density  in  that  /r(j)  is  stationary 
for  the  jump-diffusion  if  and  only  if 


J  Af{x)x{x)dx  =  0  (23) 

for  all  /  in  the  domain  of  A,  V(A). 

The  diffusion  process  has  two  components  corresponding  to  the  S.D.E.  on  the  multi-dimensional 
torus  (17)  and  the  S.D.E.  on  the  Euclidean  space  of  target  positions  (velocities)  (18).  To  prove 
invariance  of  t(i)  for  the  diffusion  on  the  torus  we  use  results  from  [30]  on  invariant  distribu¬ 
tions  of  S.D.E.’s  on  manifolds,  in  particular  the  multi-dimensional  torus.  To  demonstrate  the 
approach,  we  prove  the  stationarity  condition  for  the  Euclidean  component  only.  Define  a  set 
of  functions  which  forms  the  domain  of  the  generator  A  as 

V{A)  =  {/:/=!;  IxmfM,  Im  €  C\X{M)),  r  >  0}  ,  (24) 

M=0 


with  twice  continuously  differentiable  fonctions  vanishing  at  oo.  Then  the  infinitesimal 
generator  for  diffusion  .4*^  acting  on  such  a  function,  /  =  E^=o  '^x{M)fM,  according  to  Eqn.  23 
gives 


f  A'^ f{x)x{x)dx  = 
Jx 


<  VffM(i),V/jv/(i)  > - - dx 


e-ffM(r)) 

dx  ] 
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where  <  ■,  •  >  stands  for  the  vector  dot-product  and  the  gradients  V/ivf(x)  are  w.r.t 

the  position  (velocity)  vector,  an  element  of  Integration  by  parts  of  the  second  term, 

with  the  fact  that  the  functions  fM  vanish  at  the  boundary,  results  in  a  term  which  is  negative  of 
the  first  term.  Therefore  the  given  posterior  x  is  the  stationary  density  of  the  diffusion  process. 

We  note  that  the  curved  nature  of  the  torus  requires  the  argument  to  be  modified  in  suffi¬ 
ciently  subtle  ways.  For  details  of  such  modifications  to  the  manifolds  associated  with  Lie  groups 
see  [30].  The  jump  part  of  the  generator  is  given  by 


AV(ar)  =  q(x)  f  Q(x,  dy)(f{y)  -  f{x))  , 

and  computing  the  adjoint  corresponding  to  the  Eqn.  23  (see  [1]  for  illustration)  provdes  the 
balance  condition 

q{x)ii:{x)dx  =  /  q{y,  dx)x{y)dy ,  (25) 

where  T~^[x)  C  H  is  the  subset  of  models  which  can  reach  x  in  one  jump  transition.  The  jump 
parameters  must  satisfy  Eqn.  25  for  the  density  7r(x)  to  be  stationary  for  the  jump  part  of  the 
process.  For  definiteness,  assume  x  G  X{M)  so  that  i  =  x{M)  is  an  M-track  configuration. 
Substituting  for  the  transition  measures  from  Eqns.  15  gives 


M  .  M 

x(x{M))dx{M)  [  y^y 

j=i 

M+l  .  M 

+  E  /  qt{^{M),x{M}®jy{l))dy{l)  +  Y^qf{x{M),i9^j)x{M)) 

j=l 

M 

i=i 

M  .  M 

=  dx{M)  [  /  qs{x{M)  ©j  y,  x(M))x{x{M)  ©y  y)dy  -f-  ?^(^^i)x( M ), x{M))x{'& ^j)x{M)) 

j=i 
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M 

4-  y V  2/(1):  x(M))t(x(M)  ©j  yil))dy{l)  +  ^  x(ikf))ff(??i(,)x(iW)) 

J  =  1 

iW* 

i=i 

We  win  prove  this  equality  treating  only  the  first  two  snmination  terms  from  both  sides,  cor¬ 
responding  to  the  birth/death  of  track-segments;  the  treatment  for  the  rest  being  similar.  The 
jump  moves  considered  here,  birth/death  of  track-segments,  are  defined  by  Eqns.  20  and  21. 
Substituting  the  values  for  q^,  gf  from  Eqn.  19, 


dx{M)  1  ^  r  [  -LM(^{M))^-Pii(x(M))^-Pj(vMM))^ 

(.2:)(^5(1))  5{M)  k> 

f  g-Z,Af(r(M)©jy)g-Fif(r(iW))g-Py(3>ix(iW))^y 

Jq< 

^e-iM(x(M))g-Faf(®(M))g-[LM(:?^j)r(M))-Z.MWAO)]+  j  . 


(26) 


R.H.S.: 

dx{M)  1  ^  r  f  -[LMWi^))-W=rW©;j)]+4x(M)©,-y)dw 

^s(l)  5(ikf) 

^g-[iMWM))-iM(^,(i)^(M))]+g-Pi(y|:?,(i)^W)x(7?^i)X(i¥))] 

dx{M)  J_  r  /■  g-iM(x<Af))g-FM(^(M)©,»)^ 

-  {2){Zt{1))  5M  ^  k^ 

Jq< 

_^g-[LM(2r(M))-LM(:?,(j)r(M))l+g-Fi(yi:?,(j)x(iVr))g-I,Af(:J^j)x(Af))g-PAf(^^j)2r(M))  |  ^  ^27) 
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where 


=  LMix{M))  >  Lm{x{M)  Qj  y)} 

~  •  ^m{x{M))  <  Lf4{x{M)  ©j  2^)}  . 

Comparing  Eqns.  26,  27  and  combining  the  prior  terms  (i.e.  Pm{x{M)  ©y  y)  =  Pm{x{M))  -r 
Pj{y\x{M)),  and  Pm{x{M))  =  Pm{'& ^i)x{M))  +  Pj{y\'&^j)x{M))),  the  equality  is  verified. 

Q.E.D 
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Figure  1:  The  left  panel  shows  the  3-D  target  generator  p  e  under  a  similarity  transforma¬ 
tions.  The  right  panel  shows  the  target  located  at  position  p{s),  oriented  at  ^(s)  with  velocities 
v(s)  resolved  in  the  body  fiame  coordinates. 


2D  Lattice 


Figure  2:  The  left  panel  displays  the  cross  array  of  isotropic  sensors  at  half  wavelength  spac¬ 
ing,  used  to  observe  the  angular  location  of  the  target.  The  right  panel  shows  the  fax-field 
orthographic  imaging  system  used  for  observing  the  targets  at  a  high  resolution. 


A-114 


Figare  3:  Tiie  upper  panels  siiow  the  aziinnth-elevation  power  spectrom  of  the  tracking  data  at 
two  sample  times.  The  lower  pands  display  the  high  resolntion  data  sets  for  the  target  at  two 
different  times  dnring  the  flight  path. 


Figare  4;  The  actual  track  drawn  in  grey  is  observed  by  the  ground  based  observation  system. 
The  track  estimates  are  drawn  overlapping  in  black  at  three  stages  of  the  algorithm. 
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Figure  5:  The  upper  panels  show  the  sequence  of  jump  moves  adding  segments  to  the  estimated 
state  from  left  to  right,  with  the  diffusion  turned  off.  The  lower  panels  show  the  continuous  dif¬ 
fusion  transformation  aligning  the  estimated  to  the  true  track  via  the  gradients  on  the  posterior 


Figure  6:  The  four  panels  show  candidates  from  the  prior  distribution  for  target  path  estimation 
with  the  high  prior  probability  candidates  forming  a  cone  at  track  end  for  the  algorithm  to  sample 
from.  The  upper  panels  show  the  prior  with  the  diffnsion  on  track  parameters  turned  on;  the 
lower  panels  have  the  diffnsion  turned  off. 
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Figure  7:  Tlie  upper  panels  display  the  estimated  states  at  four  times  without  the  tracking  prior 
information.  The  lower  panels  show  the  results  of  the  dynamics  based  estimation  algorithm  with 
the  prior  included. 
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Abstract 

A  new  random  sampling  algorithm  for  recognition 
and  tracking  of  an  unknown  number  of  targets  and  tar¬ 
get  types  is  presented.  Taking  a  Bayesian  approach 
we  define  a  posterior  measure  on  the  parameter  space 
by  combining  the  observed  data  likelihood  with  a  prior 
based  on  airplane  dynamics.  The  Newtonian  force 
equations  governing  the  airplane  motion  are  utilized 
to  form  the  prior  density  on  the  airplane  positions. 
The  sampling  algorithm  based  on  Jump-Diffusion  pro¬ 
cesses,  first  introduced  by  [Grenander, Miller]  (1991), 
is  derived  for  generating  high  probability  estimates  of 
target  positions,  orientations  and  types  from  the  pos¬ 
terior  measure.  Results  are  presented  from  its  joint 
implementation  on  the  Silicon  Graphics  workstation 
and  the  DECmpp  SIMD  machine  distributing  data- 
simulation,  visualization  and  computation  over  net¬ 
work. 


1  Introduction 

Automated  target  tracking  and  recognition  are  well 
known  problems  in  signal  processing  and  control  sys¬ 
tem  literature.  They  represent  a  class  of  problems 
which  utilize  time  records  of  multiple  sensors  to  es¬ 
timate  the  charaterstics  of  arriving  signals.  A  great 
deal  of  published  work  in  the  control  literature  on 
solving  the  non-linear  tracking  problem  [1,  2,  3]  in¬ 
volves  the  Kalman  filter  based  techniques.  This  re¬ 
quires  using  some  hnear  approximations  valid  in  par¬ 
ticular  cases  but  the  general  non-linear  problem  re¬ 
mains  unsolved.  Recently,  there  has  been  consid¬ 
erable  interest  in  tracking  the  directions  of  arrival 
(DOAs)  by  an  array  of  passive  sensors  [4,  5,  6]  us¬ 


ing  variations  of  the  gradient-techniques  in  mostly 
maximum-likelihood  settings.  Again  these  approaches 
utilize  simplifying  eissumptions  like  multiple  snapshots 
at  each  target  position,  known,  fixed  number  of  tar¬ 
gets  and  restricted  target  motion.  Also,  due  to  the 
efforts  to  solve  the  tracking  cind  recognition  problems 
separately  the  target-dynamics  is  not  efficiently  uti¬ 
lized. 

We  present  a  new  random  sampling  based  solution 
for  the  tracking  and  recognition  problems  in  a  general 
setting.  The  aim  is  to  track-recognize  ein  unknown 
number  of  non-cooperative/hostile  targets  which  ap¬ 
pear  and  disappem  at  random  times.  The  targets  are 
observed  from  multiple  sensors:  sin  azimuth-elevation 
tracking  array  and  a  high  resolution  radar  for  target 
recognition.  For  moving  targets  we  model  a  single 
snapshot  for  each  target  position.  The  rotational  and 
translational  motions  of  the  airplane  are  coupled  to 
each  other  by  a  set  of  differential  equations  modeling 
the  motion.  It  results  in  the  dynamics  based  prior  on 
airplane’s  positions  being  parameterized  by  its  rota¬ 
tional  parameters  connecting  the  tracking  and  recog¬ 
nition  together.  We  utilize  the  collected  data  up  to 
any  fixed  time  t  to  generate  minimum-mean-square- 
error  {MMSE)  estimates  of  the  parameters  describing 
target  paths  from  the  initial  time  to  tot.  Since  MMSE 
estimate  is  the  conditional  mean  of  the  parameter  un¬ 
der  posterior  density,  we  perform  a  random  sampling 
of  the  posterior  density,  based  on  Jump-Diffusion  pro¬ 
cesses,  to  estimate  these  conditional  means  [7,  8].  The 
time  samples  of  this  jump-diffusion  process  visit  the 
elements  in  the  parameter  space  Xt  according  to  the 
posterior  density.  More  importantly,  the  samples  gen¬ 
erated  by  this  Markov  process  can  be  utilized  to  em¬ 
pirically  reconstruct  the  posterior  distribution  or  to 
evaluate  any  mean  associated  with  it. 
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2  Parameter  Set 

We  use  the  global  shape  models  and  pattern  the¬ 
oretic  approach  introduced  by  Grenander  [9]  to  an¬ 
alyze  complex  scenes.  The  observed  scene  at  any 
time  consists  of  a  set  of  generators  each  represent¬ 
ing  a  target  at  its  position  and  orientation.  The  fun¬ 
damental  variabilities  in  these  scenes  are  accommo¬ 
dated  via  the  rotation  and  translation  transforms  on 
the  templates  which  form  the  building  blocks  of  the 
scene,  eis  described  on  [10].  Define  A^(3)  =  [0,25r]^, 
with  0, 27r  identified,  as  the  three-dimensional  torus 
and  A  the  discrete  alphabet  of  target  types.  Then 
$  e  M{Z)  is  the  triple  of  Euler  angles  (pitch,  roll  and 
yaw),  p€  is  the  position  vector  of  the  target,  and 
a  G  ^  is  the  target  type.  For  the  non-cooperative 
environments  where  the  m*^  object  appears  and  dis¬ 
appears  at  random  times  -I-  with 

its  duration  of  stay  given  by  the  interval  = 

-t-  -t-  a  pattern  will  be  constructed 

for  the  representation  of  the  multiple  track  scenes 
with  varying  track  lengths.  Clearly,  to  <  +  1  < 

iim)  +  <  t,  for  the  observation  interval  from  to 

to  present  time  t.  Define  to  be  the  parameter 

vector  associated  with  the  m*''  target  at  time  k  given 
by  G  (Ad(3)  A). 

The  parameter  set  associated  with  the  complete  m*** 
track  given  is 

{x^”^\k)  :  k  G  e  (a^(3)  x  3?^  x  x  «  . 

The  parameter  vector  for  an  M-track  scene  be¬ 
comes  the  collection  of  each  of  the  single  track  con¬ 
figurations,  element  of  Xt{M)  according  to 

Af 

x,{M)  =  U  :  k  G 

m—1 

M  (  t  > 

G  Xt(M)  =  n  (  U  X  X  .4)  X  H 

m=:l  1  } 

Since  M  is  unknown  a-priori  the  complete  parameter 
space  is  defined  as  Xt  =  Um=o 

3  Bayesian  Posterior 

We  take  a  Bayesian  approach  for  solving  the  es¬ 
timation  problem  by  defining  a  posterior  probability, 
which  is  the  product  of  the  prior  density  with  the  data 
likelihood,  on  the  parameter  space. 


3.1  Prior 

The  prior  measure  encodes  a-priori  information 
about  the  parameters  to  be  estimated.  In  particular 
this  knowledge  can  come  fi'om,  say,  the  2drplane  dy¬ 
namics,  or  some  previous  knowledge  of  target  type  and 
number  of  targets.  We  utilize  a  set  of  Newton’s  second 
law  based  equations  governing  airplane  motion  to  gen¬ 
erate  a  prior  density  on  the  airplane  positions  as  de¬ 
scribed  in  [11, 10].  This  prior  density  is  parameterized 
by  the  sequence  of  airplane  orientations  demonstrat¬ 
ing  the  fundamental  connections  between  the  tracking 
and  recognition  algorithms. 

In  tbig  work  we  utilize  a  simple  Markov  von-Mises 
prior  on  the  orientation  angles  4>  =  [^i>^2)<^3]  € 
A4(3). 

3.2  Likelihood 

There  are  two  sensor  types  in  this  problem,  a  track¬ 
ing  sensor,  consisting  of  an  array  of  passive  sensors 
and  a  range  radar,  and  a  high-resolution  imaging  sen¬ 
sor. 

Tracking 

For  the  azimuth-elevation  coordinate  tracking  a 
cross  array  of  isotropic  sensors  is  assumed  [12,  10]  us¬ 
ing  the  steindard  narrowband  signal  model  developed 
in  [13].  Accordingly,  the  expression  for  sensor  response 
to  M  signal  sources  at  locations  ^^\k), ..,  ^^\k) 
with  amplitudes  s{k)  =  [s(^)(fc)  , ..,  s('*^)(I:)]  is 

M 

m)=Y,d{j^'^\k))lri^,{k)s^"^\k)  +  n^{k)  ,  (1) 

m=l 

where  ni(ife)  is  the  0-mean  complex  Gaussian  noise 
vector  of  the  Goodman  class  with  covariance  a^I, 
l7'(m)(ib)  selects  the  targets  present  in  the  scene  at 
time  k  and  is  the  regular  Vandermonde  di¬ 

rection  vector  corresponding  to  the  m**  target.  We 
focus  on  the  estimation  of  the  target  positions  by  as¬ 
suming  the  signal  amplitudes  to  be  known.  The  set 
of  tracking  data  collected  up  to  time  t  is  given  by 
7^(1)  =  {jri(Jfc)  :  k  G  {l,..,t}}  and  the  likelihood  of 
this  data  has  the  standard  Gibbs  potential 

Ll{xt{M))  = 

k=i 

M 

m=l 

where  |  •  j  is  the  vector  2-norm. 
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Imaging 

While  the  statistical  models  for  high-resolution 
radar  imaging  are  being  incorporated  in  this  problem 
by  others  ([14, 15, 16]),  all  of  the  results  shown  here  are 
based  on  an  optical  imaging  system.  In  this  system, 
data  is  a  sequence  of  2-D  images  resulting  from  pro¬ 
jecting  the  3-D  volume  containing  the  targets  onto  the 
focal  plane  of  optical  imaging  sensor.  Since  the  param¬ 
eter  set  Xt(M)  completely  parameterizes  the  imaged 
volume  we  can  write  the  projection  as  a  deterministic 
operation  from  the  parameter  space  to  a  discrete  2-D 
lattice  3?'^,  i.e. 

For  the  implementation  presented  here  a  white  Gaus¬ 
sian  noise  model  was  used,  with  the  measured  data 
y2(k)  for  the  set  of  M  targets  having  mean  given  by 
the  projection  of  M  targets  V(xt(M)).  The  hkelihood 
potential  is  given  by 

Z?(£,(M))  =  (2) 

where  ||  •  |1  represents  matrix  2-norm  and  <r|  is  the 
noise  variance. 

The  posterior  density  in  Gibbs  form  c^ln  be  written 
as 

^t(xt(M))  = 

z 

Z 

where  Lt{xt{M))  =  £j(xt(M))  +  Tf  (£t(Af))  is  the  po¬ 
tential  associated  with  data  likelihood  and  Pt(xt{M)) 
is  the  potential  associated  with  the  prior  density  on 
the  parameter  space  Xt. 

4  Estimation  by  Random  Sampling 

Our  approach  is  to  construct  a  jump-diffusion 
Markov  process,  following  the  analysis  outlined  in  [8], 
having  the  hmiting  property  that  it  converges  in  dis¬ 
tribution  to  the  Bayes  posterior.  Following  the  jump- 
diffusion  dynamics  the  process  (i)  on  random  expo¬ 
nential  times  jumps  from  one  of  the  countably  infinite 
set  of  subspaces  to  another  estimating  discrete  param¬ 
eters,  and  (ii)  between  jumps  it  performs  diffusion  fol¬ 
lowing  the  S.D.E.’s  appropriate  for  the  current  sub¬ 
space.  In  this  sequential  estimation  problem  the  pos¬ 
terior  density  changes  at  each  observation  time  due  to 
the  addition  of  one  more  data  sample  to  the  data  set. 


Therefore,  at  any  given  time  t  the  sampling  process 
generates  samples  from  the  posterior  density  having 
the  Gibbs  energy  Et{xt(M)).  This  is  proven  by  show¬ 
ing  that  the  backward  kolmogoroff  operator  associated 
with  the  Markov  process  satisfies  the  condition  of  sta- 
tionarity  given  by  Af{xt{M))‘jr{dxt{M))dxt{M)  = 
0  as  verified  in  [17].  The  jump-diffusion  Markov  pro¬ 
cess  {X(s),s  >  0}  samples  from  the  posterior  density 
as  follows. 

4.1  Jump  Process 

The  jump  process  contributes  in  the  search  of  dis¬ 
crete  parameters  like  number  of  the  targets,  length  of 
the  tracks,  and  target  types.  It  deeds  with  the  assign¬ 
ment  of  tracks  and  the  choice  of  model  order  in  two 
ways.  First,  the  individual  tracks  are  developed  by 
probabilistically  placing  the  track-segments  sequen¬ 
tially  in  the  associated  track  configuration.  Secondly, 
the  jump  process  moves  among  the  subspaces  of  vari¬ 
able  numbers  of  tracks  via  the  addition  and  deletion 
of  tracks.  Our  implementation  is  based  on  the  jump 
moves  derived  from  a  modification  of  the  Metropolis 
algorithm  introduced  in  1953  [18].  This  algorithm  is 
implemented  through  following  steps: 

Metropolis  Based  Jump- Algorithm 

1.  Generate  independent  exponential  r.v.’s  ui,U2, .. 
with  the  intensity  A,  where  A  is  the  average  num¬ 
ber  of  diffusion  cycles  for  every  jump  move. 

2.  At  time  ti  =  uj  draw  a  candidate  yt{M') 
from  the  prior  (e.g  by  using  the  equations  of  mo¬ 
tion). 

3.  Compute  Lt{yt{M')). 

If  [Lt{xt{M))  -  i,(j7,(M'))]  >  0, 
go  to  yt{M'). 

else 

go  to  yt{M')  with  the  probability 

4.  Repeat  step  2. 

The  jump  parameters  corresponding  to  this  algorithm 
satisfy  the  condition  of  stationarity  as  proven  in  [17]. 

4.2  Diffusion  Process 

The  diffusion  process  contributes  in  the  search  of 
the  features  which  he  in  the  continuous  space,  posi¬ 
tions  ^k)  and  orientations  ${k).  It  is  a  sample  path 
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continuous  process  which  essentially  performs  a  ran¬ 
domized  gradient  descent  on  the  posterior  potential 
Et{xt{M))  in  the  current  subspace  Xt{M)  according 
to  Langevin’s  stochastic  differential  equation  (SDE). 
This  process  has  two  parts  X(s)  =  -X^2(s)]  ‘de¬ 
scribed  as  follows.  Define  njif  =  the  total 

track  segments  in  emd  associate  with  the  first 

ZnM  components  of  the  S.D.E.  X(s)  the  flow  through 
to  estimate  the  orientations,  and  the  last 
3njif  components  the  flow  through  to  estimate 

the  positions.  Then  the  diffusion  .X^(s)  satisfies  the 
following  vector  S.D.E. : 

Xl(s)  =  [Xi(0)  -|-  J  ——ViEt(X(T))dT  -1-  W^l(s)]mod  2X1 

(3) 

X2is)  =  X2(0)  +  J‘  -iv2E,(X(r))dr  -f-  W^2(s). 


where  [  Jmod  2t  is  taken  componentwise,  W^i(s),  W2(s) 
are  standard  vector  Wiener  processes  of  the  dimen¬ 
sions  respectively,  and  Vi,  V2  are  the 

gradients  with  respect  to  the  position  and  orientation 
parameters. 

Now  we  utilize  a  result  on  the  ergodic  properties 
of  jump-diffusion  process  from  [17].  This  result  veri¬ 
fies  that  the  jump-diffusion  process  constructed  above 
samples  from  the  posterior  distribution  As 

a  consequence  the  sample  average  X(nA)) 

of  the  Markov  process  converges  to  the  conditional 
mean  as  N  —*  00,  which  is  the  MMSE  estimate. 


Figure  1:  3D  track  estimation:  The  left  pamel  shows 
the  actual  track  drawn  in  gray  with  the  mesh  repre¬ 
senting  ground  supporting  the  observation  system  in 
the  inertial  frame  of  reference.  The  other  panels  dis¬ 
play  the  results  from  various  stages  of  the  single  track 
estimation  with  the  estimates  drawn  in  white. 


track  is  the  parameterized  plane  path  generated  from 
the  flight  simulator  on  Silicon  Graphics  and  used  as 
true  track  in  the  simulations.  The  other  three  panels 
show  algorithm  at  various  stages  of  estimation  with 
the  estimates  drawn  overlapping  in  white.  The  final 
result  is  shown  in  the  bottom  right  panel. 


5  Implementation  Results 

The  algorithm  for  estimating  the  motion  of  a  sin¬ 
gle  target  (M  =  1)  was  jointly  implemented  using  a 
Sihcon  Graphics  workstation  for  data  generation  and 
visualization,  and  a  massively  parallel  4096  processor 
SIMD  DECmpp  machine  for  implementing  the  track- 
recognition  algorithm.  The  flight  simulator  software 
on  Silicon  Graphics  workstation  was  utilized  to  gener¬ 
ate  parameterized  airplane  paths.  The  algorithm  pro¬ 
ceeds  via  a  sequence  of  jump  moves  corresponding  to 
the  births  of  track-segments  cind  adjusting  the  track- 
estimates  between  the  jumps  via  diffusion  algorithm. 
Shown  in  Fig  1  is  the  result  for  the  complete  track  esti¬ 
mation  algorithm  with  the  top-left  panel  showing  the 
simulation  environment  of  the  implementation.  The 
mesh  represents  the  ground  supporting  the  inertial 
frame  of  reference  and  the  sensor  systems  while  grey 
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Abstract 

The  identification  of  aircraft  using  high  range  res¬ 
olution  radars  requires  a  close  interaction  between  the 
tracker  and  the  identification  algorithm.  The  tracker 
produces  as  output  not  only  the  estimates  of  target 
position  and  orientation,  but  also  a  measure  of  the 
quality  of  those  estimates.  The  identification  algo¬ 
rithm  performs  a  likelihood-based  search  over  both  tar¬ 
get  types  and  target  positions  and  orientations.  This 
search  compares  the  measured  data  to  predicted  data 
obtained  from  surface  models  of  the  possible  targets. 
The  search  constitutes  a  simultaneous  target  tracking 
and  identification  system. 


1  Introduction 

Previous  papers  have  presented  a  general  approach 
to  likelihood-based  tracking  and  recognition  [1,  2,  3]. 
The  fundamental  viewpoint  is  that  the  incorporation 
of  tracking  data  into  the  recognition  algorithm  im¬ 
proves  recognition  performance  and  incorporating  tar¬ 
get  aspect  angle  information  from  the  recognition  al¬ 
gorithm  improves  tracking.  The  algorithm  is  likeli¬ 
hood  based  implying  that  the  optimum  estimate  of 
target  type  is  the  most  likely  given  both  the  tracking 
and  recognition  (high  range  resolution  radar)  data;  the 
optimum  track  is  determined  from  a  random  sampling 
of  the  posterior  on  the  sequence  of  states  given  the 
measurements. 

This  paper  examines  in  more  detail  the  domain  over 
which  range  profiles  are  defined  and  the  impact  of  this 
on  the  recognition  algorithm.  In  particular,  range  pro¬ 
files  are  viewed  as  being  a  mapping  from  a  pair  of 
angles  to  time  functions.  These  two  angles  live  on  a 
sphere  with  the  north  and  south  poles  identified.  The 
topology  of  this  space  impacts  the  recognition  algo¬ 


rithm  and  the  set  of  unambiguous  target  orientations 
that  can  be  discriminated  based  solely  on  range  pro¬ 
files. 

We  have  proposed  using  diffusion  and  jump- 
diffusion  searches  for  target  tracking  and  recognition 
[3,  4,  5].  While  results  have  appeared  discussing 
the  implementation  of  diffusions  on  manifolds  such  as 
spheres,  those  results  tend  to  be  less  accessible  than 
diffusions  on  lattices.  This  motivates  a  discussion  of 
a  diffusion  over  a  lattice  of  points  on  the  set  of  range 
profiles.  Convergence  of  the  algorithm  in  measure  is 
shown  based  on  arguments  from  Markov  chains. 


2  Data  Likelihoods 

In  [I,  2]  a  model  for  remge  profiles  is  introduced. 
This  model  may  be  viewed  as  mapping  the  orienta¬ 
tion  of  a  target  to  time  functions.  As  discussed  in 
the  next  section,  this  mapping  depends  on  two  angles 
which  can  be  determined  from  the  complete 
orientation.  In  general,  a  sequence  of  range  profiles  are 
measured.  Denote  the  fcth  reinge  profile  by  b{t; 

The  available  data  are 

rk{t)  =  J  h{t-T)b{T;e'f,,i)k)dT-{-Wkit)  (1) 

where  h{t)  is  determined  by  the  complex  envelope  of 
the  transmitted  signal  and  Wk{t)  is  complex  white 
Gaussian  noise  with  intensity  No-  For  simplicity, 
rewrite  r^ft)  as 

rk{t)  =  s(t;  V’i)  +  Wk{t)  (2) 

where  s  is  the  signal  part  of  the  received  waveform. 
The  likelihood  function  for  rk{t)  is 
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=  exp(^i2e[y[rjt(i)  (3) 

The  tracking  measurements  take  place  on  a  longer 
time  scale  than  the  range  profiles  axe  collected.  In  the 
S-Band  radar  at  Rome  Laboratory,  one  tracking  mea¬ 
surement  is  made  for  each  range  profile.  The  tracking 
data  consist  of  estimated  3-D  positions  of  the  target. 
These  estimates  typically  ignore  target  dynamics  and 
may  be  thought  of  as  equal  to  the  actual  target  posi¬ 
tions  plus  additive  noise  whose  variance  is  determined 
by  such  factors  as  the  width  of  the  autocorrelation 
function  of  the  transmitted  tracking  pulse,  the  cur¬ 
vature  of  the  antenna  pattern,  the  tracking  modality, 
and  the  actual  receiver  noise.  To  simplify  the  analy¬ 
sis,  assume  one  tracking  measurement  for  each  range 
profile  measurement,  and  let  j/j,  in  B?  be  the  Jfeth  data 
vector, 

yk=Xk+nk;  (4) 

here,  n*  is  a  sequence  of  i.i.d.  Gaussian  random  vec¬ 
tors  and  Xk  is  the  actual  postition  at  time  k. 

In  typical  state  space  models  for  targets,  the  state  is 
12  dimensional,  consisting  of  the  positions,  velocities, 
orientations,  and  rotation  rates  [7].  These  equations 
are  often  linearized  cind  reduced  in  dimension  in  order 
to  make  the  model  more  amenable  to  standard  (lin¬ 
ear)  state  estimation  procedures.  In  any  event,  the 
state  space  model  defines  a  likelihood  (prior)  for  the 
states  at  the  instants  of  time  at  which  the  measure¬ 
ments  take  place.  The  vector  Xk  constitutes  three  of 
the  states,  and  the  angles  and  determine  two 
orientation  angles  (and  are  clearly  determined  by  the 
three  orientations  in  the  state  vector).  The  remaining 
states  are  not  measured  directly.  Let  ^k  denote  the 
full  state  vector  at  time  k  and  p(^jfc|^fc-i)  denote  the 
conditional  density  function  for  the  states  at  time  k 
given  the  states  at  time  Ir  —  1.  Then  the  posterior  on 
the  states  given  the  measurements  for  k  =  0,1,..., K 
is  proportional  to 

K 

P(^o)  IIp(^i|6-i)-t'(»‘i|^ifc,V’jt)p(yfc|a:Jk)-  (5) 

J:=l 

The  estimates  for  these  states  are  then  obtained  from 
this  likelihood  function.  The  algorithms  proposed  by 
the  authors  implement  diffusions  on  the  state  space  to 
randomly  sample  from  the  posterior. 

The  discussion  above  assumes  that  the  target  is 
known.  If  the  target  is  unknown,  the  algorithm  first 


conditions  on  target  type,  estimates  the  states  for  that 
target  type,  then  jumps  to  different  target  types.  The 
likelihoods  for  each  target  type  are  stored,  and  after 
the  algorithm  has  run  sufficiently  long,  the  estimate  of 
target  type  is  declared  to  be  that  type  that  maximizes 
likelihood.  For  more  on  the  jump-diffusion  algorithm, 
see  [3,  4];  the  continuous  diffusions  for  state  estimation 
are  discussed  in  [5]. 


3  Orientation  Ambiguity 

Suppose  we  cire  given  the  problem  of  estimating  the 
orientation  of  a  known  object  from  a  single  observation 
of  the  range  profile.  Assume  that  s(t;  6'  is  known 
for  all  {O' ,  Ip').  In  this  section,  we  justify  the  depen¬ 
dence  of  s  on  only  two  angles  and  discuss  the  types  of 
errors  in  orientation  estimation  that  arise.  Previous 
work  by  Sworder,  et.eil.  [6]  identifies  both  local  and 
global  errors  arising  out  of  the  problem  of  target  iden¬ 
tification  through  matching  a  noisy  observation  with 
a  stored  replica,  when  the  data  to  be  compaxed  are 
2-D  silhouettes  of  the  target.  For  range  profile  data, 
the  problem  is  analogous.  Two  types  of  global  errors 
arise  from  symmetry  and  ambiguity.  The  global  er¬ 
rors  axe  deterministic  and  correspond  to  the  fact  that 
different  orientations  of  the  tau-get  yield  equal  range 
profiles  under  our  model.  Local  errors  arise  due  to 
limits  in  estimation  accuracy  as  determined,  for  ex¬ 
ample,  by  the  Cramer-Rao  lower  bound. 

Since  the  target  recognition  and  tracking  algo¬ 
rithms  share  data,  we  define  the  geometry  of  our  ex¬ 
periment  consistent  with  the  treatment  of  rigid  body 
dynamics  used  in  the  tracker  (see  Friedland  [7]).  The 
target  can  be  described  by  a  set  of  points  in  one  of  two 
spaces:  an  inertial  frame  of  reference  which  is  assumed 
fixed,  and  a  body-centered  frame  of  reference  that  is 
independent  of  orientation.  Each  frame  of  reference 
is  described  by  three  orthogonal  axes  with  respect  to 
a  common  origin  at  the  center  of  the  target.  The  in¬ 
ertial  ar-axis  is  assumed  to  be  the  radax  line-of-sight; 
the  body-centered  x,  y,  and  z  axes  point  to  the  front, 
right  side,  and  bottom  of  the  taxget  respectively. 

The  orientation  of  a  target  is  defined  by  the  ori¬ 
entation  of  its  body  axes  with  respect  to  the  inertial 
axes.  An  arbitrary  orientation  can  be  described  by  a 
set  of  three  angles  {(p,  6,  ip),  called  roll,  pitch,  and  yaw 
angles.  These  angles  define  an  ordered  triple  of  rota¬ 
tions  from  the  inertial  to  the  body-centered  frame  of 
reference  as  follows: 
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XB 

r  XI  ■ 

VB 

=  Tib  yi 

(6) 

ZB 

L 

,  = 

Rr{<P)Ryie)R.W 

(7) 

where 


’  a;2  1  r  iCi  XI 

2/2  =  i2i(a)  J/i  =  Rx{a)  Vi 

Z2  zi  [  zi 

(10) 

3.  Invert  the  rotations  applied  in  step  1. 


■  1  0  O' 

Rx{<f>)  =  0  cos{<j>)  sin{<f))  (8) 

0  —sin(<j>)  cos{<i>) 

and  Ryie)  and  R^iip)  are  defined  analogously  (see 
Friedland  [7]).  The  ordering  of  the  rotations  is  im¬ 
plied  by  the  above  matrix  product:  yaw  then  roll  then 
pitch. 

Many  targets  of  interest  such  as  aircraft  exhibit 
symmetry  with  respect  to  the  body-centered  x-z 
plane.  Assume  that  the  reflectivity  of  the  target  is 
given  by  the  summed  contribution  of  a  finite  number 
of  scattering  sites,  and  the  range  profile  results  from 
projection  of  the  individual  reflectivities  along  the  line 
of  sight  and  sorting  into  range  bins.  Under  these  con¬ 
ditions  the  range  profile  will  be  invariant  to  reflection 
in  the  inertial  x-z  plane  yielding  the  potential  global 
symmetry  error.  Even  without  the  symmetry,  there  is 
global  ambiguity.  This  is  because,  for  a  target  in  an 
arbitrary  orientation,  the  range  profile  is  invariant  to 
rotation  about  the  inertial  x-axis.  Global  errors  are 
unresolvabe  without  including  the  prior  arising  from 
the  state  space  description  of  the  target  kinematics. 

Define  an  equivalence  class  to  be  the  set  of  orienta¬ 
tions  of  a  target  that  produce  identical  range  profiles. 
Given  an  orientation  for  a  target,  other  orientations  in 
the  same  equivalence  class  arise  by  rotating  about  the 
XI  axis.  Since  xi  is  not  in  general  aligned  with  any  of 
the  body  axes,  a  three  step  process  is  employed. 

1.  Perform  a  series  of  rotations  about  major  axes  so 
that  the  xi  axis  is  aligned  with  one  of  the  body 
eixes.  There  are  many  possible  solutions,  but  we 
will  choose  to  simply  invert  the  original  roations 
Tib- 


2.  Perform  and  arbitrary  rotation  about  the  xi  axis. 
Let  the  angle  of  rotation  be  a.  Since  the  x/  and 
XB  axes  are  now  aligned,  the  necessary  rotation 
is  simply  i?*(a). 


"  a;3  1  [  ^2  1 

t/3  =  Tib  y2  (11) 

.  ^3  1  L  ^2  . 

The  ordering  of  rotations  presented  above  makes 
good  physical  sense.  However,  it  is  possible  to  achieve 
^1  orientations  regardless  of  this  ordering.  For  exam¬ 
ple,  suppose  we  chose  to  perform  roll  first. 

’  XB  1  \  XI 

VB  =Ryie)R.WR.i<f>)  yi  (12) 

_  ZB  \  V  . 

This  choice  of  ordering  makes  it  easy  to  determine  all 
orientations  in  an  equivalence  class.  If  we  now  apply 
our  three  step  process: 

X3  Xi 

ys  =  Ry{e)R,{i;)R^{<f>)R:,{a)  yi  (13) 

23  J  I  . 

Since  R^{4))Rxia)  =  Rx{4>  -I-  a),  this  equation  has 
the  interesting  implication  that  if  we  set  a  =  —<f>,  the 
associated  equivalence  class  for  each  orientation  has  at 
least  one  member  with  ^  =  0.  Thus,  every  equivalence 
class  is  uniquely  identified  by  a  pair  of  angles  9'  and 

which  are  the  pitch  aind  yaw  of  that  member  of 
the  equivalence  class  with  zero  roll.  The  rotations,  in 
standard  order,  in  equation  (11)  define  an  equivalence 
class.  By  our  previous  argument  there  must  be  some 
angle  a  and  some  pair  {9',  rp')  such  that  th'*  following 
equation  is  satisfied: 

Ryi9')R,{i;')Rr{-a)  =  R,{<l>)Ry{9)R^W  (14) 

The  three  angles  that  solve  this  matrix  equation 
must  satisfy  each  of  the  nine  scalar  equations  con¬ 
tained  within.  However,  if  we  are  interested  only  in  the 
angles  {9',  ip')  that  identify  the  equivedence  class  for  a 
given  orientation,  we  may  consider  the  three  scalar 
equations  from  the  first  column,  which  are  indepen¬ 
dent  of  a. 

cos{9')cos{ip')  =  cos{9)cos{ip)  (15) 
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-  sinU')  -  -cos(<t>)sin{ip)  +  sin{<j))sin(0)cos{tl)) 

(16) 

sin{6')cos{‘<p')  =  sin{<f>)sin{ip)  +  cos{4>)sin{6)cos(xp) 

(17) 

The  unique  solution  to  these  equations  defines  a  map¬ 
ping  from  a  complete  orientation  to  a  pair  of  angles 
that  identify  an  equivalence  class: 

,  /  sin(<f>)sin(tp)  +  cos{(l))sin{9)cos{tj;)  \ 

«  =  I - ) 

(18) 

V)'  =  arcsin  (cos{(l>)sin{ip)  -  sin{<l>)sin{6)cos{ip)) . 

(19) 

All  orientations  that  can  be  achieved  through  yaw 
and  pitch  only  have  coordinates  {S' ,  ip')  that  live  in  the 
space  [— ■!r,7r]^.  However,  for  every  point  in  this  space 
there  is  at  least  one  other  point  that  has  the  same 
range  profile.  For  example,  the  orientations  (0, 0)  and 
(tt,  tt)  will  clearly  be  in  the  same  equivalence  class. 
Further  investigation  shows  that  all  orientations  for 
which  Ip'  =  are  likewise  equivalent.  If  one  con¬ 

siders  all  points  in  {{9' ,ip')  £  [— tt,  tt]^}  and  identi¬ 
fies  together  all  sets  of  points  that  lie  in  the  same 
equivalence  class,  a  topology  is  suggested  like  that  of 
a  sphere,  except  that  the  poles  of  this  sphere  are  iden¬ 
tified  together.  One  can  imagine  deforming  a  sphere 
by  drawing  the  poles  together  to  meet  at  the  origin 
(see  figure  1).  Such  an  object  resembles  a  torus  with 
inner  radius  of  zero,  but  the  singularity  at  V"'  =  ±| 
mahes  the  topology  of  this  space  much  more  like  that 
of  a  sphere. 

4  Sampling  of  the  Likelihood  Surface 

For  the  discussion  in  this  section,  consider  the  prob¬ 
lem  of  finding  the  maximum  likelihood  estimate  of  the 
equivalence  cleiss  of  orientations  of  the  target  from  a 
single  range  profile  measurement.  This  implies  finding 
the  maximum  of  L{rk  >  V"*)  •  Assume  that  the  known 
range  profiles  s(t;  V’t)  are  in  fact  a  stored  set  of  ob¬ 
servations  or  precomputed  simulations  on  a  grid  of 
points  for  (^J.,  V’i)-  The  question  is  how  to  choose  the 
grid.  Two  opposing  considerations  constrain  the  num¬ 
ber  of  range  profiles  to  be  made  available.  The  high 
variablility  of  the  range  profile  with  respect  to  orienta¬ 
tion  indicates  a  need  for  a  fine  sampling  of  the  space  of 
equivalence  classes.  Storage  and  computational  con¬ 
siderations  restrict  the  number  of  range  profiles  that 
can  be  searched  over  in  a  reasonable  time. 


Since  the  space  of  equivalence  classes  has  a  topolgy 
similar  to  that  of  a  sphere,  we  consider  the  problem 
of  choosing  a  discrete  lattice  on  this  space  in  terms  of 
choosing  points  on  the  surface  of  a  sphere.  We  would 
like  this  set  of  points  to  possess  certain  properties. 
Clearly  one  of  these  is  uniformity;  we  would  like  the  set 
of  points  to  be  equidistant  from  each  other  in  terms  of 
a  distance  measure  on  the  sphere.  A  set  of  points  that 
form  the  vertices  of  a  regular  polyhedron  inscribed  in 
the  unit  sphere  exhibit  uniformity  in  that  adjacent 
pairs  of  vertices  are  equidistant  in  cord  length,  mea¬ 
sured  along  the  edge  of  the  polyhedron  that  connects 
them,  and  in  arc  length.  Additionally,  each  face  of 
a  regular  polyhedron  cuts  an  equal  solid  angle,  or  a 
patch  of  equal  area  in  the  surface  of  the  circumscrib¬ 
ing  sphere.  If  a  polyhedron  with  triangular  faces  such 
as  the  octahedron  or  icosahedron  is  chosen,  then  ev¬ 
ery  vertex  has  a  well  defined  set  of  nearest  neighbors, 
and  is  connected  to  all  nearest  neighbors  along  edges. 
This  turns  out  to  be  a  useful  property  when  searching 
through  a  set  of  points  on  the  sphere. 

The  clear  problem  with  the  above  strategy  is  that 
there  are  a  very  limited  number  of  regular  polyhedra. 
However,  if  we  relax  our  constraint  to  require  only  ap¬ 
proximate  uniformity,  then  a  wide  variety  of  polyhedra 
are  available  whose  vertices  represent  the  sampling  of 
a  sphere.  Geodesic  architecture  has  employed  such 
methods  for  decades  in  designing  structures  that  pro¬ 
vide  shelter  without  central  support.  Kenner  [8]  pro¬ 
vides  a  simple  algorithm  for  computing  the  {9' ,  ip')  of 
any  point  on  a  geodesic  polyhedron  from  three  integers 
that  index  the  location  on  the  regular  polyhedron  from 
which  they  are  derived.  Maximum  uniforimtiy  of  the 
sampling  is  obtained  by  subdividing  the  regular  poly¬ 
hedron  whose  faces  are  closest  to  the  sphere,  namely 
the  icosahedron.  Figure  1  shows  a  geodesic  decompo¬ 
sition  of  the  icosahedron  to  which  a  deformation  has 
been  applied,  so  that  the  poles  are  identified. 


5  Stochastic  Search  on  the  Sphere 

Having  defined  a  grid  of  points  on  the  sphere,  the 
problem  of  estimating  the  orientation  equivalence  class 
reduces  to  determining  the  grid  point  with  highest 
likelihood.  Motivated  by  diffusion  searches  as  dis¬ 
cussed  in  [3,4,5],  we  define  a  discrete-time  stochastic 
search  on  the  grid  points.  At  time  n  in  the  itera¬ 
tion,  compute  the  likelihood  i(rjt|0[,  ip'P)  for  (^j,  t^’j)  in 
a  neighborhood  of  the  present  guess  {9'n,ip'n)-  Move  to 
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Figure  1:  Topology  of  the  space  of  equivalence  classes. 
This  object  is  a  polyhedron  inscribed  in  a  sphere, 
which  is  then  deformed  so  that  the  poles  are  identified. 


with  probability 

_ L{rk\e\,il;'{) 

where  N{n)  is  the  neighborhood  grid  points  of  n.  For 
example,  the  neighborhood  could  consist  of  all  grid 
points  closest  to  the  present  grid  point.  This  algo¬ 
rithm  defines  a  Markov  chain  with  state  correspond¬ 
ing  to  the  present  grid  point.  If  the  neighborhoods 
are  completely  connected  (for  some  M  any  grid  point 
may  result  from  the  above  algorithm  in  M  steps  start¬ 
ing  firom  any  other  grid  point,  with  positive  probabil¬ 
ity),  then  the  Markov  chain  is  recurrent.  Using  the 
usual  eirgument  based  on  the  Perron-Frobenius  Theo¬ 
rem,  there  is  a  unique  limit  measure  of  this  algorithm. 
This  measure  is  given  by  the  positive  left  eigenvector  of 
the  trainsition  matrix  with  entries  pn,i-  This  measure 
does  not  necessarily  equal  the  posterior.  As  the  num¬ 
ber  of  grid  points  increases,  however,  the  algorithm 
becomes  more  accurate. 


6  Summary  and  Conclusions 


on  better  estimates  of  the  orientations  over  time  is  re¬ 
quired.  A  set  of  equivalence  classes  of  orientations  is 
derived.  If  the  search  over  orientation  is  to  be  per¬ 
formed  on  a  discrete  grid,  a  discretization  based  on 
geodesics  is  explored.  Finally,  a  stochastic  search  over 
the  grid  that  converges  in  measure  is  proposed. 
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ABSTRACT 

A  model  for  the  generation  of  reflectivity  profiles  is  presented  for  use  in  a  radar  target  recognition 
system.  The  data  are  assumed  to  come  from  two  sensors:  a  high  range  resolution  radar  and  a  tracking 
radar.  The  object  is  simultaneously  tracked  and  identified  using  estimation  theoretic  methods  by  com¬ 
paring  a  sequence  of  received  range  profiles  to  range  profiles  generated  from  surface  templates.  The 
tracking  data  are  used  to  form  priors  on  the  position  and  orientation  of  the  object.  The  templates  consist 
of  surface  descriptions  comprised  of  electromagnetically  large  patches  tiling  the  entire  object.  The  pre¬ 
dicted  return  is  computed  from  several  quantities.  Rrst,  the  reflectivity  range  profile  is  computed  from 
the  patches  incorporating  a  shading  function.  The  physical  optics  approximation  is  that  patches  not 
directly  illuminated  by  the  transmitted  signal  do  not  contribute  to  the  return  signal.  Second,  the  reflected 
signal  is  approximated  by  the  convolution  of  the  transmitted  signal  with  the  range  profile.  Third,  the 
receiver  design  yields  the  actual  I-Q  data  available  for  processing. 

The  tracking  is  performed  using  advanced  models  of  aircraft  of  interest.  Given  measurements  of 
the  bulk  position  and  velocity  of  the  aircraft,  the  other  states  (orientation,  angular  rates,  other  velocities) 
are  estimated.  These  estimates  and  a  quantitative  measure  of  the  quality  of  the  estimates  (as  provided, 
for  example,  by  an  extended  Kalman  filter)  are  used  in  the  prediction  of  the  range  profiles.  They  also 
may  be  used  in  a  preliminary  object  discrimination  step  based  solely  on  the  dynamics. 

The  models  for  the  available  data  are  based  on  radars  in  use  at  Rome  Laboratory  in  Rome,  NY. 
The  high  range  resolution  data  comes  from  an  S-band  radar  which  transmits  chirp  pulses  and  uses 
stretch  processing  in  the  receiver.  The  processing  is  performed  on  a  DEC/MPP  computer  with  4096  pro¬ 
cessors.  Preliminary  results  are  encouraging. 

This  w(Hk  was  supported  by  Rome  Laboratory  under  contract  number  F30602-92-C-0004. 
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1.  INTRODUCTION 

This  paper  presents  recent  research  in  the  automatic  recognition  of  targets  using  sophisticated 
shape  models.  The  target  is  assumed  to  be  tracked  by  one  radar  sensor  and  to  have  high  resolution  r^ 
data  collected  by  a  secondary  sensor.  The  high  resolution  data  are  used  to  identify  the  t^get  as  well  as 
improve  tracking  performance.  In  order  to  improve  the  tracking,  an  explicit  model  for  the  relative  sen¬ 
sor  positions  (and  their  resulting  measurements)  is  included.  A  quantitative  estimate  for  the  mprove- 
ment  in  tracking  performance  results.  The  results  are  based  on  standard  radar  hterature 

[1,2,3,4,5,6,7,8.9].  .  .  •  • 

The  paper  starts  with  a  review  of  some  results  from  [10].  In  that  paper,  a  rather  detailed  de^ption 
of  simulated  range  profiles  of  targets  is  presented.  Range  profiles  computed  using  that  algonthm  are 
included  here.  The  intention  is  to  use  these  simulated  range  profiles  in  a  t^get  recogmtion  algorithm. 
The  algorithm  as  presented  here  takes  advantage  of  the  tracking  data  to  assist  in  Ae  t^get  reco^ition. 
A  detailed  likelihood  model  for  the  available  tracking  data  is  presented.  This  likeUhood  is  used  both  for 

tracking  and  for  recognition. 

2.  RADAR  RANGE  PROFILES 

The  prediction  of  range  profiles  from  surface  templates  has  been  proposed  in  [10].  The  model  fol¬ 
lows  terminology  and  analysis  from  [6,7,8].  The  computations  may  be  viewed  as  bemg  based  on  shape 
models  [11].  Here,  the  template  is  a  surface  model  of  the  object  consisting  of  patches  that  tile  the  sur¬ 
face.  Each  patch  has  a  three  dimensional  location  vector,  a  three  dimensional  normal  vector,  an  area, 
and  a  type  label.  The  reflectivity  of  a  patch  is  computed  conditioned  on  the  position  md  onentetion  of 
the  target.  The  patch  is  rotated  by  rotating  the  location  and  normal  vectors.  The  patch  is  translated  by 

translating  the  location  vector. 

For  patch  k,  assume  that  4k  is  the  angle  between  the  direction  of  propagation  and  the  normal  vrc- 
tor.  Let  Ak  be  the  area  of  the  patch.  The  reflectivity  from  a  patch  is  computed  using  a  physical  optics 
approximation  for  the  radar  cross  section  of  the  patch.  Initially,  we  assume  the  patch  is  a  circular  disk  o 

area  nrl  =  A*.  The  resulting  reflectivity  is  proportional  to 

where  /i  is  a  Bessel  function,  and  A  is  the  wavelength  of  the  transmitted  signal.  Later,  more  acci^te 
models  may  be  incorporated.  (Note  that  this  is  sUghtly  different  than  the  presentation  in  [10].  This 
approximation  reduces  at  normal  incidence  to 

Ak 

mAk)^^. 

The  RCS  at  normal  incidence  is  A7cA\IX^,  which  is  4;r  times  and  is  consistent  with  /  being  the 
reflectivity.) 

Each  patch  has  an  associated  shading  gain  g*.  Here,  we  let  g*  =  0  if  the  patch  is  shaded,  and  gt  - 
1  if  it  is  not  shaded.  Assume  that  the  patch,  after  rotation  and  translation,  has  jc-coordinate  X/,*  (where  l 
denotes  inertial  reference  firame)  and  that  the  direction  of  propagation  is  along  the  x-  axis.  The  reflectiv¬ 
ity  range  profile  of  the  target  for  the  mth  illumination  is  given  by 

bmit)  =  E  Ak)  exp[j(4?r/oX/,*^  +  dk)]Sit  -  ,  (2) 

k 
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where  t  is  the  two-way  delay  to  a  patch  at  x  on  the  target,  5(-)  is  a  Dirac  delta  function,  is  a  (possibly 
random)  phase  associated  with  the  itth  patch,  and  additional  subscripts  "m"  have  been  added  to  indicate 
the  time  dependence  of  certain  quantities.  Note  that  this  range  profile  is  conditioned  on  knowledge  of 
the  position  and  orientation  of  the  patch  during  the  mth  illumination. 

The  range  profiles  b„(T)  are  not  observed  directly.  Assume  the  complex  envelope  of  the  transmit¬ 
ted  signal  is  where  the  subscript  H  denotes  the  high  resolution  radar.  If  the  target  does  not  rotate 
significantly  during  an  illumination,  the  complex  envelope  of  the  mth  received  signal  equals  the  convo¬ 
lution  of  Sfi  with  b„.  Taking  into  account  receiver  noise, 

fm(t)  =  J  ShO  -  r)bJj)dT:  +  w{t) ,  (3) 

where  w  is  complex  white  Gaussian  noise  with  intensity  Nq.  The  likelihood  for  conditioned  on  the 
position  and  orientation  is 


L(flx)=^Re[j(2f„(t)- 

1 5//(r-r)b„(T)dT)(J  SH{t-T)b„(T)dx)*d?^ . 

(4) 

A  sufficient  statistic  is  given  by 

[  f„(t)s'fj(t-T)dt  . 

(5) 

Conventional  receivers  compute  (5)  (or  something  close  to  it). 

Figures  1  and  2  show  amplitudes  of  range  profiles  of  an  experimental  aircraft  computed  using  these 
methods.  Figure  1  shows  the  aircraft  and  one  range  profile  computed  with  the  direction  of  propagation 
being  parallel  to  the  axis  of  the  fuselage.  The  transmitted  signal  is  a  chirp,  and  stretch  processing  [3]  is 
used  in  the  receiver.  For  the  simulations,  the  aircraft  is  assumed  to  be  10  meters  long  and  the  bandwidth 
of  the  chirp  is  240  MHz.  Figure  2  shows  a  sequence  of  range  profiles  computed  as  the  target  rotates 
through  an  angle  of  20  degrees.  The  range  profiles  are  shifted  so  that  the  centers  of  mass  of  all  profiles 
are  aligned. 


3.  TARGET  RECOGNITION  FROM  RANGE  PROFILES 

There  are  two  aspects  of  the  target  recognition  algorithm:  determining  the  target  and  estimating  the 
positions  and  orientations  of  the  target  over  time.  As  discussed  in  [11,12,13]  an  algorithm  based  on 
jump-diffusions  has  been  proposed  for  solving  this  type  of  problem.  The  algorithm  jumps  between 
hypotheses  of  the  target  type.  Then,  conditioned  on  a  specific  target,  a  diffusion  algorithm  is  used  to 
estimate  target  states.  After  the  algorithm  has  run  for  some  period  of  time,  a  declaration  of  target  type 
and  estimates  of  the  corresponding  states  may  be  obtained. 

The  state  estimates  are  obtained  from  the  joint  likelihood  for  the  high  resolution  data  and  the  track¬ 
ing  data.  This  joint  likelihood  includes  not  only  the  individual  effects  of  the  sensors,  but  also  their  rela¬ 
tionship.  The  next  couple  of  sections  explore  the  tracking  radar  likelihood  in  more  detail. 

4.  MODEL  FOR  TRACKING  RADAR 

The  tracking  radar  collects  data  firom  radar  T.  The  target  is  modeled  as  a  point  target  by  the  tracker 
at  distance  R  or  two-way  propagation  delay  r  =  2Rlc  where  c  is  the  speed  of  propagation.  The  reflectiv¬ 
ity  of  the  target,  p,  is  modeled  as  a  complex  Gaussian  random  variable  with  zero  mean  and  variance 
independent  of  distance  to  the  target.  In  order  to  account  for  the  decrease  in  amplitude  of  the  reflectivity 
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as  a  function  of  distance,  a  factor  of  is  included  in  the  model. 

Part  of  the  tracking  error  arises  from  the  uncertainty  in  azimuth  and  elevation  due  to  the  antenna 
pattern,  A(u),  which  is  expressed  as  a  function  of  the  direction  vector 

u  =  [sin  0  cos  y/  sin  $  sin  y/  cos 

where  <p  is  elevation,  measured  with  respect  to  the  z-axis,  and  yr  is  azimuth,  measured  in  the  x  -  y  plane. 
Note  that  the  direction  u  corresponds  to  a  rotation  of  the  z-axis  first  in  elevation,  then  in  azimuth. 


u  =  Ry(y^)R^{4>)  0  . 

1 


where 


cosy^  —  sin^  0 
Ryr(¥)=  sin^f/^  cosyf  0 
0  0  1 


cos^  0  sin0 

RM)  =010 

—  sin^  0  cos^ 


If  the  antenna  is  pointed  in  direction  u,  then  the  antenna  pattern  in  the  direction  ^ 
If  the  direction  Uj  is  close  to  u,  with  angles  and  v'l  =  ^  +  then 

the  resulting  rotated  direction  vector  is  given  by  (to  second  order) 

-  (Av'V2)  sin  ^  cos  ^ 

=  A<!^sin(!>-t-A(&A^/cos?>  .  (9) 

1  -  A^^/2  -  (Av^V2)  sin^ 


For  the  following,  we  define 


Ri4>,  yf)  =  R^iwWM^  • 


The  target  is  assumed  to  be  moving  at  a  constant  velocity  v  m/s  with  respect  to  the  antenna,  yield¬ 
ing  a  doppler  shift  of 

/  =  2v/o/c,  (11) 

where  /o  is  the  carrier  firequency.  Assuming  a  transmitted  complex  envelope  of  fr(0  attd  ^  direction 
(0,  yf)  for  the  antenna,  the  complex  envelope  of  the  received  signal  may  be  modeled  as 

f(r,  yr)  =  p -4^  A\R^{(I>,  yf)nMt  -  V^)  •  (^^) 

where  the  target  is  assumed  to  be  in  direction  Uj,  and  w  is  receiver  noise  modeled  as  additive  complex 
white  Gaussian  noise  with  spectral  power  No-  Let  Et  be  the  ener^  in  the  signal  5r(r).  For  fixed  {((>,yf), 
a  sufficient  statistic  for  a  target  at  delay  doppler  coordinates  (r,  /)  is 

ri(0,  yf,  T,  /)  =  ~  f  fit,  <t>,  yf)sTit  -  r)e-^^^dt .  (13) 

yEr  ^ 

Under  our  model,  the  random  variable  r,  ((p,  yf,r,f)  is  complex  Gaussian  with  zero  mean  and  variance 

af(<p,¥)-  <^Et  ^^IA(i'?^(0,V^)Ui)l‘*  +  Nq  .  (14) 
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If  in  fact  the  target  is  at  delay  doppler  coordinates  (ti,  fi),  then  the  signal  part  of  the  variance  has  an 
extra  multiplier  equal  to  the  squared  magnitude  of  the  complex  ambiguity  function  of  the  transmitted 
signal  evaluated  at  (r  -  Ti,  /  —  /i);  denote  this  variance  by  iff,  t,  /).  The  complex  ambiguity  func¬ 
tion  is  defined  by 

/)  =  -^  J  5r(04(^  -  T)e~J^^dt .  (15) 

Examining  the  form  of  the  variance  in  (14)  motivates  one  strategy  for  tracking.  In  order  to  esti¬ 
mate  the  direction  of  the  target,  the  antenna  is  pointed  in  a  finite  set  of  directions, 
{(^(^),  k  =  l,2,‘"  ,K},  and  identical  signals  Sr(t)  are  transmitted.  For  each  direction,  the  quan¬ 
tity  defined  in  (13)  is  computed  for  a  range  of  (r,  /).  Estimates  of  (r,  /)  and  ((p,  y)  are  then  obtained. 


5.  TRACKING  LIKELIHOOD 

The  previous  section  derives  a  detailed  model  for  the  data  available  from  the  tracking  radar.  In  this 
section,  the  likelihood  for  the  data  is  derived.  This  likelihood  is  connected  to  a  prior  likelihood  on  the 
target’s  motion  to  yield  the  tracking  likelihood.  Combined  with  the  results  of  this  section  and  the  previ¬ 
ous  section  on  high  resolution  data,  this  jdelds  a  joint  likelihood  on  the  tracking  and  image  data.  This 
joint  likelihood  may  then  be  examined  to  yield  quantitative  performance  measures. 

Assume  that  the  data  from  (12)  are  available  for  a  range  of  angles  (^,  yr).  While  a  continuous  range 
of  angles  is  not  available  in  practice,  this  is  a  good  starting  point  for  the  analysis.  Also  assume  that 

2x  x 

J  J  IA(^,  ^)l‘’  sin  <j)d<pdy/  =  Gf-  <  cx> .  (16) 

0  0 

Then  a  sufficient  statistic  is  given  by  the  integral  of  the  left  side  of  (13)  times  the  antenna  function: 

^  2x  X 

r2{$,  7, /)  =  —  j  J  ri(^',  y', t,  f)A^iR^i(p',  y'M<P,  V))  sin p'dp'd^' .  (17) 

^00 

From  (12),  if  (^,yr,T,/)  corresponds  to  the  actual  target,  then  rj  is  complex  Gaussian,  zero  mean  with 
variance 


^2  _  ^2  r. 
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Gl  +  No 


This  implies  that  the  likelihood  for  the  data  is 


(18) 


^,v^,T,/)  =  -ln<7|- 


(19) 


A  maximum  likelihood  direction  estimate  is  then  found  by  maximizing  (19)  over  p  and  y-  The  joint 
maximum  likelihood  estimates  for  direction  and  delay-doppler  coordinates  is  found  by  maximizing  (19) 
over  all  four  variables.  Furthermore,  the  optimal  performance  can  be  determined  in  terms  of  this  likeli¬ 
hood.  That  is,  the  Cramer-Rao  bounds  on  the  estimates  are  obtained  from  the  expected  value  of  the  Hes¬ 
sian  of  the  likelihood  with  respect  to  the  variables. 

As  mentioned  above,  in  practice  only  a  finite  number  of  angles  is  available.  Our  model  is  of  a  tar¬ 
get  that  does  not  fluctuate  during  the  illumination  of  the  target  over  these  angles  {p  in  (12)  is  not  time- 
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varying).  The  sufficient  statistic  for  this  problem  is  given  by 

V,  T,  /)  =  — r  £  ¥(kX  t,  f)A^\R^{(p(k),  w(k))\x{(p,  v))  , 

Gj{(p,¥}  *=i 

where  Gj{<p,  y)  is  a  discrete  approximation  to  Gj  and  equals 

y)='L  lAiR^iHk),  Y(k)M<p,  • 

ifc=i 

If  {(p,  Y,  T,  /)  correspond  to  the  actual  target,  then  is  complex  NiO,  ),  where 


The  likelihood  is 


<73 (0,  y)  =  G\{4i,y)  +  • 


-  Y^ 

lir^;  <t>,  Y,  r,f)  =  -  In  <73  ip,  y) - 


alip^Y) 

The  direct  maximi2a.tion  of  (23)  and  the  prediction  of  performance,  while  tractable,  is  rather  involved. 
For  the  pinposes  of  this  paper,  a  simplified  analysis  is  used  to  predict  performance. 

6.  APPROXIMATE  PERFORMANCE 

While  equation  (23)  may  be  maximized  directly,  more  straightforward  analysis  based  on  exp^ding 
the  antetma  function  in  the  neighborhood  of  the  peak  may  yield  performance  guidelines.  An  outline  for 
such  an  approach  is  given  here. 

First,  the  antenna  function  may  be  written  as 

>l(u)  =  J  g(r)  exp[y  ^  <  u,  r  >]dr  ,  (24) 

a 

where  g(r)  is  the  illumination  function,  Q  is  the  antenna  aperture,  and  <  •,  •  >  is  an  inner  product  in  R  . 
Assume  that  g(r)  is  concentrated  on  the  x  —  y  plane  (denote  it  by  g(x,  y))  and  is  symmetric  in  the  sense 
that 

J  J  y)xdxdy  =  jj  g(x,  y)ydxdy  =  0 .  (25) 

The  peak  of  A(u)  is  at  u  =  [0  0  1]^  and  equals  J  J  gix,  y)dxdy.  In  the  neighborhood  of  the  peak,  using 
(9)  and  keeping  only  terms  to  second  order. 

Am,  Y)vi\)  =  >4([0  0  1]^)  -  ^  Re|^J  J  gix,  y)ixAp  +  yA^  sin  pfdxdp^  (26) 

=  A([0  0  1]’')^1  -  ^  +  Ipa^OyApAY  sin  P  +  sin^  , 


=  7-7 - - - f  f  x^gix,y)dxdy  , 

J  j  gix,  y)dxdy 


where 


and  similarly  for  pa^Cy  and  o^.  Using  (26),  the  following  approximation  holds 


\A{R{tf),  =  l^([0  0  1]^)!^  1  — ^  +  'Ipa^GyA^Axif  sin  (p  +  (TyAy/^  sin^  p 

This  may  be  used  in  (23)  to  simplify  the  computations. 


(27) 


It  should  be  noted  that  there  is  a  prior  on  the  direction  of  the  target  from  the  previous  step  of  the 
tracking  algorithm.  Using  a  dynamic  model  for  the  target  as  in  [12]  there  is  a  likelihood  relating  the 
high  resolution  radar  data  and  Ae  tracking  radar  data. 


7.  CONCLUSIONS 

This  paper  discusses  a  detailed  likelihood  model  for  joint  flacking  and  high  resolution  radar  data. 
This  likelihood  may  be  used  for  target  recognition  when  combined  with  a  motion  likelihood  as  in  [12]. 
Simulated  range  profiles  are  shown.  In  an  actual  implementation,  there  are  two  possible  uses  for  the 
simulated  profiles  shown.  One  possibility  is  that  the  profiles  may  be  precomputed  for  a  wide  range  of 
orientations  of  the  target  The  estimation  of  orientation  then  consists  of  a  search  throughout  the  set  of 
orientations  (guided  by  the  likelihood  on  the  target  orientation).  The  disadvantage  to  this  approach  is 
the  large  number  of  profiles  which  must  be  stored  for  quick  access.  A  second  possibility  is  that  the 
range  profiles  could  be  computed  on-line.  The  simple  models  presented  here  might  be  used  in  such  a 
scheme.  One  advantage  of  this  approach  is  that  arbitrarily  small  changes  of  orientation  may  be  simu¬ 
lated.  The  disadvantage  is  the  computation  time  relative  to  a  search.  We  are  implementing  a  target 
recogitition  algorithm  on  a  DEC/mpp  12000  and  plan  to  compare  the  two  alternatives.  The  algorithm  is 
based  on  the  jump-diffusion  algorithm  presented  in  [11]. 
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Figure  1.  Target  and  one  range  profile.  The  target  is  illuminated  from  the  left 


Figure  2.  Twenty  range  profiles  of  the  target  from  Figure  1  at  one  degree  incre¬ 
ments. 
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TRACKING  USING  A  RANDOM  SAMPLING  ALGORITHM 

J.A.  O’SULLIVAN,  M.I.  MILLER,  A.  SRIVASTAVA,  D.L.  SNYDER 


Electronic  Systems  and  Signals  Research  Laboratory,  Department  of  Electrical 
Engineering,  Campus  Box  1127,  Washington  University,  St.  Louis,  MO  63130, 
USA. 

E-mail:  jao@satum.wustl.edu,  Telephone:  (314)935-4173 


Abstract  A  random  sampling  algorithm  for  nonlinear  state  estimation  is  formu¬ 
lated.  Special  cases  of  the  algorithm  are  presented.  A  continuous  Markov  process 
is  defined,  along  with  a  measurement  distribution.  From  these,  the  posterior  distri¬ 
bution  on  the  states  is  derived.  The  sampling  algorithm  generates  realizations 
from  this  distribution.  A  parallel  implementation  of  the  algorithm  is  presented. 
An  application  discussed  is  the  problem  of  tracking  radar  targets  using  data  fi-om 
multiple  sensors. 

Key  Words.  Target  tracking,  nonlinear  systems,  state  estimation,  random  pro¬ 
cesses,  stochastic  systems. 


1.  INTRODUCTION 

The  main  result  in  this  paper  is  a  random  sampling 
algorithm  for  state  estimation  for  Markov  random 
processes.  This  algorithm  is  based  on  recent  results 
in  the  statistics  literature  (Grenander  and  Miller, 
1991;  Geman  and  Geman,  1984;  Geman  and 
Hwang,  1986)  and  on  multitarget  tracking  (Srivas- 
tava,  et  al,  1991;  Srivastava,  et  al,  1992).  Since 
the  algorithm  samples  from  the  posterior  distribu¬ 
tion  and  is  ergodic  under  appropriate  assumptions, 
arbitrary  functions  of  the  state  may  be  estimated. 
For  example,  the  sample  average  converges  to  the 
posterior  mean.  Annealing  can  be  used  with  the 
sampling  algorithm  to  produce  the  maximum  a  pos¬ 
teriori  probability  (MAP)  estimate  of  the  state.  A 
parallel  implementation  of  the  proposed  algorithm 
having  block  nearest  neighbor  connectivity  is  pre¬ 
sented  in  Section  3. 


This  work  was  supported  in  part  by  Rome  Lab¬ 
oratory  under  contract  F30602-92-C-0004,  in 
part  by  the  Office  of  Naval  Research  under  con¬ 
tract  59922,  and  in  part  by  the  National  Science 
Foundation  under  grant  MIP-9101991. 
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When  the  number  of  signals  contributing  to  mea 
surements  is  unknown,  this  sampling  algorithm  is 
extended  to  a  jump-diffusion  algorithm  (Grenander 
and  Miller,  1991;  Srivastava,  et  al.,  1991;  Srivas¬ 
tava,  et  al.,  1992)  which  also  estimates  the  number 
of  signals.  This  is  applicable  to  multitarget  tracking 
where  the  number  of  targets  is  unknown,  but  the 
dynamics  of  possible  targets  are  known.  This 
approach  is  very  different  from  approaches  dis¬ 
cussed  in  the  literature  (see,  for  example,  Bar- 
Shalom  (1990),  Bar-Shalom  and  Fortmann  (1988), 
and  Blackman  (1986))  and  would  work  most  effec¬ 
tively  for  a  modest  number  of  targets. 


2.  MODEL  DEFnStmON  AND  RANDOM  SAM¬ 
PLING  ALGORITHM 

Assume  there  is  a  continuous  valued  Markov  pro¬ 
cess  underlying  the  data.  Let  the  state  x(t)  e  R"  for 
all  r  >  0.  The  probability  density  function  on  x(0) 
is  known  and  given  by  the  Gibbs’  density 


p(x;0) 


^  ^-E(x;0) 

Z(0) 


where  E(x;  t)  is  an  energy  function,  and  Z(r)  is  the 
partition  function 

Z(r)  =  J  . 


The  conditional  density  function  on  x(l)  given  xfO 
is  given  by 


p(x;  t\x'\  t')  = 


*  g-EUinx';!*) 

Z(t,t') 


where  E{x;  t\x'-,  t')  is  called  a  conditional  energy 
function.  It  is  assumed  that  Z(t,  t’)  does  not  depend 
on  x'.  The  measurable  random  vector  y{t)  e  R** 
depends  only  on  the  state  at  the  same  time,  j:(r),  and 
has  conditional  density  function 


where,  by  assumption,  Z^it)  does  not  depend  on  x. 
Conditioned  on  the  state  process,  the  outputs  at  dif¬ 
ferent  times  are  independent.  All  energy  functions 
are  assumed  to  be  differentiable  in  x,  x',  and  y  with 
Lipschitz  continuous  derivatives. 


Now  an  algorithm  is  developed  to  sample  the  poste¬ 
rior  density  on  the  states  given  a  finite  set  of  mea¬ 
surements.  Suppose  the  output  is  sampled  at  times 
0  =  ro  <  <  t2  <  •••  <  posterior 

density  on  the  states  at  those  same  times  has  energy 
function 

£(X1Y)  =  £(a:o;0)  +  £2(>’oiJ^o;  0) 

N-\ 

it=l 

where  x^  =  x(tk),  y*  =  y(ft),  and 

Y^  =  [yo  yf-’-yw-i] 

(the  superscript  T  denotes  transpose). 

Following  (Miller,  et  al.,  1991;  Srivastava,  et  al, 
1991)  a  Langevin  stochastic  differential  equation  to 
sample  from  this  posterior  is  given  by 

dm  =  -  Vx£:(^(01Y)dr  +  <2dMt) , 

where  ^(r)  e  R"^,  and  w(r)  is  an  nN  dimensional 
standard  Wiener  process.  The  limit  distribution  for 
this  differential  equation  has  energy  function 
£(XiY)  (Ikeda  and  Watanabe,  1989).  Samples  of 
functions  of  the  posterior  may  be  obtained  from  this 
process. 

The  values  of  the  posterior  probabilities  of  the  states 
at  other  times  may  be  sampled  as  well.  To  do  so, 
two  terms  are  added  to  the  energy  function  and  one 
is  removed.  For  example,  if  the  state  at  time  f  is  of 
interest,  and  t^<t'  <  then  the  two  energies 

E{x'-,  t'lxt ;  4)  +  £(Xi+, ;  \x';  O 

are  added  and  the  energy 
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is  removed. 

If  the  MAP  estimate  of  the  state  is  desired,  the  algo¬ 
rithm  above  may  be  annealed  by  multiplying  the 
Wener  process  by  a  temperature  parameter.  The 
new  sampling  algorithm  has  the  form 

dm  =  -  Vx£(^(r)IY)£?f  +  ^mdMfit) . 

Standard  methods  may  be  used  to  determine  the 
cooling  schedule  for  T(t)  (Geman  and  Geman, 
1984).  For  the  remainder  of  this  paper,  no  anneal¬ 
ing  is  performed  {T(t)  =  1). 

It  is  not  required  that  p  <  n.  In  fact,  one  application 
of  the  methods  discussed  here  is  in  image-while- 
track  algorithms  where  the  image  data  are  fed  back 
to  the  tracking  algorithm.  The  recent  paper 
(O’Sullivan,  et  al.,  1992)  derives  the  likelihood 
function  for  multisensor  data  for  the  problem  of 
simultaneously  imaging  and  tracking.  The  algo¬ 
rithm  in  this  paper  can  use  that  likelihood  for  track¬ 
ing. 


3.  PARALLEL  ALGORITHM  DECOMPOSITION 

The  gradient  computation  required  for  the  random 
sampling  algorithm  has  blocks  which  are  the  gradi¬ 
ents  with  respect  to  the  individual  vectors  x/.. 
These  are  given  by 

V;,j£(XIY)  =  Vj^^Eixt;  4-i) 

+  4+ilx*;  4)  +  ■ 

Thus,  in  the  sampling  algorithm  the  variables  corre¬ 
sponding  to  Xii  need  only  be  connected  to  the  vari¬ 
ables  corresponding  to  and  in  addition  to 
being  connected  to  themselves  and  y^.  The  first 
term  in  the  expression  for  V^^E(X\Y)  measures  how 
well  x*  corresponds  to  The  second  term  mea¬ 
sures  the  ability  of  to  predict  X/t+j.  The  third 
term  measures  the  correspondence  between  x^  and 

y*- 


A  parallel  architecture  for  performing  the  sampling 
would  have  N  cells.  Define  the  function  by 

gkixi,  Xjt+, ,  x*_] ,  yt)  =  E(XIY)  . 

Denote  by  the  entries  of  ^  corresponding  to  xj.. 
Similarly  let  wj.(r)  be  the  entries  of  w(r)  corre¬ 
sponding  to  x*.;  so  is  a  standard  n  dimensional 
Wiener  process.  Then  the  k"'  cell  computes 

d^k(t)  = 

-  gki^kit),  ^Jk+i(0.  ^k-\(.t)^  yk)dt  +  ^dwm  . 

The  implementation  of  this  cell  would  be  an  exten- 


sion  of  the  ideas  presented  in  (Miller,  et  al,  1991). 

4.  EXAMPLE:  LINEAR  MODEL 

Suppose  that  x(r)  satisfies  the  linear  time-invariant 
state  equation 

dx  =  Axdt  +  Bdu  , 

where  u{f)  is  a  standard  m  dimensional  Wiener  pro¬ 
cess.  Assume  that  j:(0)  is  a  zero  mean  Gaussian 
random  vector  with  covariance  matrix  V(0).  Sup¬ 
pose  that  the  measurements  are  given  by 

yitk)  =  Cx(tk)  +  v*  , 

where  {v*}  is  a  sequence  of  independent,  p  dimen¬ 
sional,  Gaussian,  random  vectors  with  zero  mean 
and  covariance  matrix  R^.  Then 

EiXk,  h\Xk-\ ;  h-i)  =  ^  ■ 

r 

where  K(t)  =  J  e^'BB^e^^'dt . 

0 

For  details,  see  Melsa  and  Sage  (1973,  pg  255). 
The  energy  function  for  is 

E{yk\Xk,  tk)  =  ^(yk-  CxkfRk^yk  -  Cxk) . 

For  this  case,  the  functions  gk  are  linear  in  their 
arguments  and  are  given  by 

8k(.Xk’  ■^i+I  >  Xk-\  5  y’t)  ~ 

/r'  itk  -  tk-i  ) 

-C^Rl\yk-Cx,). 

The  expression  for  g*  in  this  case  has  an  elegant 
interpretation.  This  first  term  is  driven  by  the  back¬ 
wards  prediction  error  of  x^_i  given  Xj^.  The  sec¬ 
ond  term  is  driven  by  the  forward  prediction  error 
of  Xk+\  given  Xk-  The  third  term  is  driven  by  the 
output  estimation  error  of  y*  given  Xk- 

If  tk  —  tk-\  =  T  is  a  constant  and  7?^  =  /?  is  constant 
for  all  k  =  1,  2,  ...,  N  - 1,  then  all  of  the  interior 
computation  cells  are  identical,  simplifying  the 
computational  architecture.  The  implementation  of 
the  random  sampling  algorithm  for  this  linear  case 
is  particularly  easy.  Note  that  the  time-invariance 
assumption  did  not  play  a  significant  role  in  the 
derivation  and  can  be  removed.  The  linearity  and 
Gaussian  assumptions  are  crucial  for  the  final  form 
here.  For  an  application  to  tracking,  see  Srivastava, 
etal.  (1992). 


The  usual  approach  for  the  linear  case  is  to  use  a 
smoothing  filter  to  obtain  a  minimum  mean  squared 
error  (MMSE)  estimate  for  the  states.  The  MMSE 
estimate  equals  the  MAP  estimate,  and  thus  may  be 
obtained  from  the  algorithm  above  by  annealing.  In 
fact,  since  the  posterior  is  unimodal  (it’s  Gaussian), 
the  temperature  may  be  set  to  0  and  the  annealing 
algorithm  gives  a  simple  gradient  descent  algorithm 
to  compute  the  estimate.  In  practice,  one  would  not 
use  the  proposed  algorithm  to  compute  the  MMSE 
estimate.  As  described  by  Tretter  (1976,  pg.  386), 
the  MMSE  estimate  may  be  found  in  two  passes 
through  the  data.  In  the  first  pass,  the  optimal  fil¬ 
tered  estimates, 

=  E{Xk\yi,  0  <  /  <  A:;  , 

are  computed  and  saved.  Also  saved  are  the  covari¬ 
ance  matrices  for  the  one  step  ahead  state  prediction 
error  and  the  state  filtering  error.  This  first  pass 
starts  with  xqio  and  works  forward  in  time  to 
.  The  second  pass  works  backward  in  time, 
computing  X;v-2iw-i  and  continuing  to  xoiat-i-  Also 
computed  in  this  second  pass  are  the  smoothing 
error  covariance  matrices.  Since  the  posterior  is 
Gaussian,  these  estimates  and  covariance  matrices 
completely  determine  the  marginal  density  func¬ 
tions  on  Xk  given  the  measurements.  The  covari¬ 
ance  between  these  estimates  is  more  difficult  to 
determine,  but  may  be  found  from  the  innovations 
representation  of  the  estimates.  The  sampling  algo¬ 
rithm  would  allow  the  computation  of  expected  val¬ 
ues  of  functions  of  the  entire  sequence  X,  given  Y, 
if  such  functions  are  desired. 


5.  EXAMPLE:  NONLINEAR  DISCRETE 
TIME  MODEL 

The  example  considered  here  is  a  nonlinear  system 
whose  state  equation  is  linear  in  the  input.  Suppose 
a  nonlinear  discrete  time  system  has  state  equation 

Xk+\  =  f{Xk)  +  Uk  ,  (1) 

where  Xk  e  R",  Uk  e  R",  and  /(■)  is  a  smooth  func¬ 
tion.  The  output  equation  is  given  by 

Jk  =  Hxk)  +  Vk  ,  (2) 

where  and  are  in  R'’,  and  h{  )  is  smooth. 
Assume  that  the  probability  density  function  on  jcq 
is  known.  Let  Uk  be  an  independent  and  identically 
distributed  (i.i.d.)  sequence  of  Gaussian  random 
vectors  with  zero  mean  and  positive  definite  covari¬ 
ance  matrix  Q;  Uk  is  independent  of  Xk-  Let  be 
an  i.i.d.  sequence  of  Gaussian  random  vectors  with 
zero  mean  and  positive  definite  covariance  matrix 
R-,  this  sequence  is  independent  of  the  sequence  of 
inputs  Uk  and  the  states  x*. 
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Given  x^,  Xf^+i  is  conditionally  Gaussian  with  mean 
fix^)  and  covariance  matrix  Q.  The  conditional 
energy  function  is 

E{Xk-  k\xi,^i-,  k  -  1)  = 

^  (Xk  -  f(Xk-l)fQ'\xk  -  f{Xk-l))  ■ 

The  output  energy  function  is 

E{yk\Xk;  k)  =  ^  (yt  -  Kx^)/ R-\yk  -  Kx^)) . 

Combining  these  two  energy  functions,  the  gradient 
needed  for  the  sampling  algorithm  may  be  found  to 
be 

8kixki  Xk+\ 5  X](^\,  yi()  =  Q  {Xh  —  /{Xk-i)) 

-  '^xf(Xk)Q~\x;,+i  -  f{x^)) 

-  V^hixi,y'R~\yk  -  h(xk))  • 

Note  that  this  computation  has  a  similar  interpreta¬ 
tion  to  the  linear  case.  The  first  term  is  driven  by 
the  error  between  X/^  and  its  estimate  given 
The  second  term  is  driven  by  the  forward  prediction 
error  between  and  its  estimate  given  x^.  The 
third  term  is  driven  by  the  output  estimation  error 
between  and  its  estimate  given  Xk- 

6.  CONCLUSIONS 

A  method  for  random  sampling  of  the  states  of 
Markov  processes  has  been  proposed.  This  algo¬ 
rithm  can  be  extended  to  a  multitarget  tracking 
algorithm  using  methods  from  (Srivastava,  et  ai, 
1991;  Srivastava,  et  al,  1992).  Special  cases  and 
examples  were  introduced,  including  linear  state 
space  models  and  nonlinear  state  space  models  with 
additive  Gaussian  noise. 

Recent  results  derive  posterior  distributions  for  a 
multisensor  track-while-image  algorithm 
(O’Sullivan,  et  al,  1992).  A  simplified  version  of 
this  posterior  fits  into  the  model  above.  This  appli¬ 
cation  is  of  interest  to  the  authors,  including  the  use 
of  this  algorithm  in  object  identification  problems. 
The  authors  are  presently  developing  an  implemen¬ 
tation  on  a  DEC/MPP  12000  for  radar  target  identi¬ 
fication  purposes. 
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1  Recognition  Via  Deformable 
Templates 

A  fundamental  task  in  the  representation  of  complex 
dynamically  changing  scenes  involving  rigid  targets 
is  the  construction  of  models  that  incorporate  both 
the  variability  of  orientation,  range,  and  object  num¬ 
ber,  as  well  as  the  precise  rigid  structure  of  the  ob¬ 
jects  in  a  mathematically  precise  way.  The  global 
deformable  shape  models  introduced  in  Grenander’s 
general  pattern  theory  [l]  extended  to  parametric  rep¬ 
resentations  of  arbitrary  unknown  model  order  [2,  3] 
are  intended  to  do  this.  This  becomes  the  basis  for 
our  approach. 

There  are  various  kinds  of  variability  and  uncer¬ 
tainty  inherent  to  data  obtained  via  remote  sensing 
via  high  resolution  and  tracking  radars.  The  first 
and  foremost  variability  is  associated  with  the  con¬ 
formations  of  the  rigid  bodies:  orientations,  scales, 
and  position.  To  accommodate  this  type  of  variabil¬ 
ity  we  use  globed  templates  which  are  made  flexible 
via  the  introduction  of  basic  transformations  involv¬ 
ing  both  rigid  motions  of  translation  and  rotation, 
as  well  as  non-rigid  motions  such  as  scale.  As  these 
transformations  correspond  to  parameters  which  are 
parameters  in  3-D  Euclidean  space,  as  well  as  angles 
in  the  continuum,  the  transformations  are  performed 
using  continuous  stochastic  gradient  search.  The  sec¬ 
ond  kind  of  variabihty  is  associated  with  the  model 
order,  or  parametric  dimension.  In  any  scene  there 
may  be  multiple,  variable  numbers  of  targets,  with 
tracks  of  variable  length  and  the  target  number  un¬ 
known  apriori. 

We  take  a  Bayesian  approach  by  defining  a  prior 
density  on  the  scenes  of  targets.  The  prior  coupled 
to  the  sensor  data  likelihood  gives  the  Bayes  poste- 
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rior.  The  conformation  is  selected  to  be  consistent 
with  the  data  in  the  sense  that  scenes  of  high  prob¬ 
ability  under  the  posterior  distribution  are  selected. 
Our  method  for  generating  candidate  conformations 
is  to  sample  from  the  posterior.  For  this  a  new 
class  of  random  sampling  algorithms  is  used  based 
on  jump-diffusion  dynamics,  introduced  in  Grenan- 
der  and  Miller  [2,  3,  4]  which  visit  candidate  solu¬ 
tions  according  to  the  posterior  density.  The  origi¬ 
nal  motivation  for  introducing  jump-diffusions  is  to 
accommodate  the  very  different  continuous  and  dis¬ 
crete  components  of  the  discovery  process.  Given  a 
conformation  associated  with  a  target  type,  or  group 
of  targets,  the  problem  is  to  track  and  identify  the 
orientation,  translation  and  scale  parameters  accom¬ 
modating  the  variability  manifest  in  the  viewing  of 
each  object  type.  For  this,  the  parameter  space  is 
sampled  using  Laingevin  stochastic  differential  equa^ 
tions  in  which  the  state  vector  continuously  winds 
through  the  translation-rotation-scale  space  follow¬ 
ing  gradients  of  the  posterior.  The  second  distinct 
part  of  the  sampling  process  supports  the  notion  that 
the  recognition  part  of  the  deduction  is  associated 
with  choosing  the  target  types.  The  deduction  algo¬ 
rithm  goes  through  multiple  stages  of  hypothesis  dur¬ 
ing  which  the  eiirplane  types  are  being  discovered,  and 
some  subset  of  the  scene  may  be  only  partial  “recog¬ 
nized”  .  This  is  accommodated  by  defining  the  second 
transformation  type  which  jumps  between  different 
object  types,  where  a  jump  may  correspond  to  the 
hypothesis  of  a  new  object  in  the  scene,  or  a  “change 
of  mind”  about  an  object  type.  The  jump  intensities 
are  governed  by  the  posterior  density,  with  the  pro¬ 
cess  visiting  conformations  of  higher  probabihty  for 
longer  exponential  times,  and  the  diffusion  equation 
governing  the  dynamics  between  jumps. 
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2  Global  Templates 


2.1  The  Parametric  Space 


We  use  the  global  shape  models  and  pattern  theoretic 
approach  introduced  by  Grenander  [5,  1].  As  the  ba¬ 
sic  building  blocks  of  the  hypotheses  define  the  set  of 
generators  G,  the  targets  placed  at  the  origin  of  the 
reference  coordinates  at  a  fixed  orientation,  position, 
and  unit  scale. 

The  fundamental  variability  in  target  spaces 
is  accommodated  by  applying  the  transformations 
T{$),T{p),T{s)  to  the  templates  Q  according  to 

[ariiri  0  O' 
r(^)  :  *2  0  cos(f)i  sin<f)i  x  (1) 

X3  0  — sin<^i  cos<^i 

cos<j>2  0  sintj>2  cos<j)3  sin<l>3  0  xi 

0  10  —sindts  cos<j)3  0  X2 

sin<j>2  0  cosd>2  0  0  1  *3 

■  ari  I  r  xi  -l-pi  ‘ 

T(p)  :  X2  X2+P2  (2) 

.  X3  J  [  X3  -f-  P3 

’  xi  "  r  s  0  0  1  "  xi 

r(s)  :  X2  — *  0  s  0  X2  ,  (3) 

X3J 

where  d>  is  the  triple  of  rotation  angles  associated  with 
the  rotation  of  the  viewing  sphere  about  each  object, 
p  axe  the  translation  parameters  in  iZ^,  and  the  s 
is  the  scale  parameter  in  iZ+.  These  parameterized 
transformations  operate  on  the  template  targets  of  G 
generating  the  full  target  speice. 

Shown  in  Figure  1  is  one  of  the  3-D  ideal  targets, 
used  for  all  of  the  simulations  below.  The  left  panel 
shows  the  target  at  the  origin,  the  right  panel  showing 
the  result  of  applying  one  of  the  transformations. 


Figure  1:  3-D  target  at  the  origin  (left  panel)  and 
after  applying  transformations  (right  panel) 


Now  the  parametric  space  parameterizing  the  Bayes 
posterior  on  the  patterns  becomes  the  set  of  pa¬ 
rameters  specifying  the  similarity  transformations,  as 
well  as  the  airplane  type.  Associate  with  each  tar¬ 
get  or  generator  ff  E  G  the  parameter  vector  x  € 
0(3)  X  X  R+  X  A,  where  |.4|  =  \G\  the  number  of 
different  target  types. 

A  pattern  will  be  constructed  from  multiple  targets 
with  varying  track  lengths.  In  [6]  we  have  described 
the  multi-target  scenario.  Here  we  focus  on  single  tar¬ 
get  scenes.  We  cure  interested  in  tracking  and  recog¬ 
nition  in  “hostile/non-cooperative”  environments  in 
which  the  objects  can  appear  and  disappear  on  ran¬ 
dom  times.  Therefore,  the  parameter  vector  associ¬ 
ated  with  a  T-length  track,  T  6  [0, 00),  becomes 

x(T)  e  (0(3)  X  X  X  .4j 

As  tracks  will  be  discretized  to  sample  times  tj,  t2,  •  •  • 
the  parameter  vector  associated  with  an  n-length 
track  £(n)  is  an  element  of  x(n)  €  <T(n)  = 
(0(3)  X  iZ®  X  iZ+  X  .4)”.  Since  n  is  unknown,  the 
full  parameter  space  becomes 

cf  =  y  (c?(3)  xI^xR+xA^  .  (4) 

n=r0 

The  posterior  density  defined  over  the  full  param¬ 
eter  space  X  =  U^oA'(n)  is  assumed  to  be  of  Gibbs 
form 

g-£;(?(n).n) 

ir(x(n) ,  n)  = - - - .  (5) 

3  The  Bayes  Posterior 

The  ideals  I  E  I  are  what  can  be  observed  by  an 
ideal  (with  no  loss  of  information)  observer.  The 
actual  observer,  however,  may  only  be  able  to  see 
the  elements  with  loss  of  information  due  to  pro¬ 
jection,  observation  noise  and/or  limited  accuracy  in 
the  sensor.  Denote  the  operation  by  which  the  ideal 
I  appears  as  some  object  say  7^,  by  deformations 
d  :  J  — »  2®  ,  d  EV,  where  V  is  the  set  of  deforma¬ 
tion  mechanism,  both  random  and  deterministic. 

We  take  a  Bayesian  approach  to  the  generation  of 
candidate  scenes  by  defining  a  posterior  probabUity 
of  the  ideal  I  given  the  measured  data  7®  according 
to 

x(7|7®)  =  7r(7)L(7®|7)  , 

where  i(7®  [7)  is  the  data  likelihood  eind  5r(7)  is  the 
prior  density  on  the  ideal. 
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ideal  projected  onto  2-D  with  noise  superimposed  at 
two  different  time  instants.  This  is  representative 
of  the  optical  imaging  component  of  the  algorithm. 
The  bottom  row  shows  the  spatial  power  spectrum 
from  the  narrowband  tracker  at  two  instants  of  time, 
plotted  in  the  azimuth-elevation  plane  (bright  is  low 
power,  dark  is  high  power). 


Figure  2;  The  top  row  shows  the  target  projected  onto 
the  2-D  lattice  with  additive  noise  at  two  different 
time  instants.  The  bottom  row  shows  the  azimuth- 
elevation  signal  power  profile  at  two  different  instants 
of  time  as  generated  from  the  narrowband  tracking 
data. 


The  two  measurements  become  /f*  =  G 

[0,oo)},  If  =  {x(<),t  €  [0,oo)}. 

4  Jump-Diffusion  Random 
Sampling  Algorithm 

The  most  crucial  part  of  the  problem  still  remaining 
is  the  derivation  of  the  inference  algorithm  for  gener¬ 
ating  inferences  of  high  probability.  Our  approach  is 
to  construct  a  jump-diffusion  Markov  process  follow¬ 
ing  the  approach  outlined  in  Grenander  and  Miller 
[2]  which  has  the  limiting  property  that  it  converges 
in  distribution  to  the  Bayes  posterior.  This  implies 
that  time  samples  of  the  Markov  process  will  visit  the 
conformations  with  highest  probability  most  often. 

The  jump-diffusion  Markov  process  {X(t),f  >  0} 
samples  from  the  posterior  density  defined  over  the 
full  parameter  space  X  =  ^  follows.  The 


jump  process,  which  travels  through  the  infinite  num¬ 
ber  of  spaces,  carries  the  inference  from  space  to  space 
with  the  transition  dyneimics  satisfying  the  detailed 
balance  condition  for  the  jump  operator.  This  coupled 
with  reversibility  and  connectedness  assumptions  on 
the  jump  statistics  allows  us  to  prove  irreducibihty  of 
the  Markov  process.  In  between  jump  moves  the  dif¬ 
fusion  process  searches  through  the  uncountable  set 
of  parameters  with  in  each  of  the  subspaces  X{n).  As 
proven  in  [2,  3,  4]  for  a  large  class  of  Gibb’s  distribu¬ 
tions,  with  the  proper  choice  of  pareuneters  for  the 
Markov  process,  ir(z(n),n)  is  the  unique  stationary 
density  of  the  jump-diffusion  process  and  the  jump- 
diffusion  converges  weakly  to  it.  From  there  it  follows 
that  empirical  averages  generated  from  realizations 
converge  to  their  conditional  mean  expectations. 


5  Results 

The  tracking  and  recognition  algorithms  were  jointly 
implemented  using  a  Silicon  Graphics  workstation  for 
data  generation  and  visualization,  and  a  massively 
parallel  4096  processor  SIMD  DECmpp  machine  for 
implementing  the  tracking-recognition  random  sam¬ 
pling  algorithm. 


Figure  3;  Tracking  and  recognition  using  the  jump- 
diffusion  algorithm.  Top  left  shows  the  actual  track, 
the  other  three  panels  display  the  different  stages  of 
mrplane  identification  as  well  as  position  and  orien¬ 
tation  estimation. 
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In  the  problem  stated  here  the  data  has  multiple 
components  corresponding  to  the  various  sensors; 

We  only  include  two  sensors  for  tracking  and  high- 
resolution  imaging. 


3.1  Tracking  Priors 

The  prior  on  track  formation  is  based  on  the  dynamics 
of  target  motion  and  follows  that  described  in  Srivas- 
tava  et  al.  [7]  in  which  the  force  equations  governing 
the  motion  of  targets  are  utilized  to  form  a  prior  den¬ 
sity  on  the  track  parameter  space.  As  an  object  moves 
in  3  space  it  traverses  a  continuous  path  consisting  of 
a  sequence  of  translation  locations  p{t)  €  For 
describing  their  dynamics  we  shall  be  interested  in 
expressing  the  tracks  in  terms  of  the  velocities  of  the 
objects,  v{i)  G  B?  which  are  related  to  the  positions 
according  to  ^i)  =  v(r)dT  +  ^<o).  Following  the 
assumptions  in  [7]  that  the  tcirget  is  a  rigid  body  and 
that  the  earth’s  curvature,  motion  and  wind  effects 
are  negligible,  then  the  translational  motion  is  given 
by  the  Newtonian  vector  equation 

v(t)  +  A(0(t))i^i)  =  fit) .  (6) 

Here  ${1)  €  [0,27r)^  are  the  Euler’s  angles  represent¬ 
ing  the  orientation  of  the  target  with  respect  to  its 
body  frame  and 

^  r  0  -93(f)  52(f)  ' 

A(^(f))  =  93(f)  0  -9i(t)  , 

.  -52(f)  5i(f)  0  . 

with  ^f )  the  rates  of  change  of  orientation,  which  are 
functions  of  the  Euler’s  angles. 

This  linear  differential  equation  is  characterized  by 
the  time-veirying  parameter  matrix  A(^(t))  and  force 
vector  /(f).  The  covariance  is  induced  following  the 
approach  of  Srivastava  et  eJ.  [7],  Amit  et  al.  [8]  by 
assuming  the  forcing  function  is  a  white  process  with 
meem  /(t)  and  a  fixed  spectral  density  cr,  which  then 
induces  a  Gaussian  process  u(f)  with  mean  5(f)  and 
the  covariance  operator  determined  by  the  differential 
operator  of  Eqn.  (6)  according  to 


v(t)  =  f  e  '^^’^^‘*’^/(fi)dfi  +  5(to)  (7) 

Jto 

\  r'  _  f'  A(T)dTYp 

K„{t,s)  =  (T  [e  -'•i  ^  ][e  •'*1  '  ]^dti. 

Jto 
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Notice,  this  covariance  is  parameterized  by  the  se¬ 
quence  of  airplane  orientations  0(f), f  G  [0,T).  This 
connects  the  tracking  and  recognition  algorithms. 

3.2  The  Likelihood:  Tracking  and 
Imaging  Data 

There  are  two  sensor  types  in  our  problem:  a  tracking 
sensor  and  a  high-resolution  imaging  sensor. 

3.2.1  Tracking 

For  the  tracking  we  assume  a  narrowband  tracking 
cross  array  as  in  [9,  6,  7]  using  the  standard  narrow- 
band  signal  model  developed  in  [10].  The  uniform 
cross  array  consists  of  two  uniform  linear  arrays  or¬ 
thogonal  to  each  other,  sensitive  to  the  range,  eleva¬ 
tion,  and  azimuth  locations  of  the  targets.  Since  the 
prior  is  so  naturally  defined  in  velocity  coordinates  we 
use  the  standard  cartesian  to  polar  coordinate  trans¬ 
formation  and  the  body-centered  to  inertial-framed 
[11]  transformations  to  go  from  velocities  to  the  az¬ 
imuth,  elevation,  and  range,  deterministically.  Define 
this  transformation  as  >  [0,27r)^  x  R+. 

For  the  data  collected  at  the  P-element  sensor  array 
at  time  f  the  superposition  of  the  incoming  signal  and 
the  ambient  noise  becomes 

y(t)  =  d(#(ir(t)))s(f)  +  n(f ),  (9) 

where  n(t)  is  a  P  x  1,  0-mean  complex  gaussian  ran¬ 
dom  vector  with  identity  covariance,  s(t)  is  the  signal 
value  and  d($(v(f)))  is  a  regular  P  x  1  Vandermonde 
direction  vector  with  the  angles  of  arrival  parameter¬ 
ized  by  the  velocity  vector  v{t).  The  deterministic  sig¬ 
nal  model  is  used  [9]  in  which  the  measurements  y  (f ) 
are  Gaussian  distributed  with  mean  d(#(tr(t)))s(f). 

3.2.2  Imaging  likelihood 

While  we  are  currently  incorporating  models  for  high- 
resolution  radar  imaging  as  described  in  [12,  13,  14, 
15,  16,  17],  all  of  the  results  shown  are  based  on  opti¬ 
cal  imaging  systems  in  which  the  data  is  assumed  to 
be  on  a  discrete  square  64  x  64  lattice  C.  The  imaging 
data  at  time  f  becomes  the  set  of  256  grey  level  pixel 
values  x(t)  =  {a:,-,*  G  C}.  The  deformation  of  the 
imaging  process  of  the  ideal  targets  is  assumed  here 
to  be  projection  with  additive  noise.  For  the  simula¬ 
tions  shown  below  a  Gaussian  noise  model  was  used, 
with  the  measured  data  having  mean  the  true  ideal 
3-D  image  projected  onto  the  2-D  lattice  space. 

Shown  in  Figure  2  are  the  two  kinds  of  data  which 
the  algorithms  cire  based  on.  The  top  row  shows  the 


Using  a  flight  simulator  on  the  Silicon  Graphics, 
data  was  generated  for  a  single  airplane  flight.  From 
this,  tracking  data  was  simulated  on  the  DECmpp  as¬ 
suming  a  narrowband  cross-array  of  two  32-element 
uniform  linear  arrays  orthogonal  to  each  other.  The 
track  estimation  proceeds  by  births  and  deaths  of 
track  segments  at  random  times  through  discrete 
jump  moves  with  a  stochastic  gradient  algorithm  run 
between  the  jumps  for  adjusting  the  orientation  and 
position  estimates.  In  Figure  3  the  top  left  panel 
shows  the  actual  flight  path  generated  via  the  flight 
simulator.  The  other  three  panels  display  the  succes¬ 
sive  stages  of  the  tracking  and  estimation.  The  esti¬ 
mated  track  is  superimposed  in  white  on  the  actud 
track. 

The  tracking  algorithm  utilizes  a  prior  measure  on 
track  formation  which  is  parameterized  by  the  orien¬ 
tation  motion  of  the  airplane.  Using  the  current  esti¬ 
mates  of  the  airpleine’s  position  from  the  tracking,  the 
orientation  parameters  are  simultaneously  estimated. 
Optical  imaging  of  the  space  around  the  estimated 
position  is  simulated  using  the  Silicon  Graphics,  as 
shown  in  Figure  2.  This  data  set  is  then  transferred 
to  the  DECmpp,  where  the  best  match  is  selected 
from  a  pre-stored  set  of  5000  templates  sampling  the 
entire  object  space,  all  of  the  possible  translations  and 
orientations  of  the  plane. 
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1  Introduction 

In  this  paper  a  new  approach  for  target  tracking  and  recog¬ 
nition  is  presented.  We  take  a  Bayesian  approach  and  de¬ 
fine  a  prior  density  on  the  scenes  of  targets  and  combine  it 
with  likelihoods  based  on  the  sensor  data  to  give  a  poste¬ 
rior  measure  on  the  paurameter  space.  The  jump-diffusion 
random  sampling  algorithm  [1,  2,  3]  is  used  to  sample  firom 
the  posterior. 

In  Section  2  the  basic  approach  for  solving  the  problem 
is  described.  The  global  shape  model  approach  is  described 
in  section  3  with  the  Bayesian  posterior  measure  derived 
in  section  4.  Section  5  illustrates  the  use  of  jumi>-difFusion 
processes  for  random  sampling  from  the  posterior  measure 
over  the  parameter  space.  The  last  section  describes  the 
implementation  on  a  parallel  processing  machine  and  the 
results  obtained. 

2  Recognition  Via  Deformable 
Templates 

A  fundamental  task  in  the  representation  of  complex  dy¬ 
namically  changing  scenes  involving  rigid  targets  is  the 
construction  of  models  that  incorporate  both  the  variabil¬ 
ity  of  orientation,  range,  and  object  number,  as  well  as  the 
precise  rigid  structure  of  the  objects  in  a  mathematically 
precise  way.  The  global  deformable  shape  models  intro¬ 
duced  in  Grenander’s  general  pattern  theory  [4]  extended 
to  parametric  representations  of  arbitrary  unknown  model 
order  [1,  2]  are  intended  to  do  this.  This  becomes  the  basis 
for  our  approach. 

There  are  various  kinds  of  variability  aind  uncerteiinty 
inherent  to  data  obtained  via  remote  sensing  via  high  res¬ 
olution  and  tracking  radars.  The  first  and  foremost  vari¬ 
ability  is  associated  with  the  conformations  of  the  rigid 
bodies:  orientations,  scales,  and  position.  To  accommo¬ 
date  this  type  of  variability  we  use  global  templates  which 
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are  made  flexible  via  the  introduction  of  basic  transfor¬ 
mations  involving  both  rigid  motions  of  translation  and 
rotation,  as  well  as  non-rigid  motions  such  as  scale.  As 
these  transformations  are  parameterized  by  positions  in 
Si®  and  orientations  in  [0,2ir)®  x  [0,  tt],  they  are  performed 
using  continuous  stochastic  gradient  search.  The  second 
kind  of  variability  is  associated  with  the  model  order,  or 
parametric  dimension.  In  any  scene  there  may  be  multiple, 
variable  numbers  of  targets,  with  tracks  of  variable  lengths 
and  the  target  number  unknown  apriori  and,  therefore,  to 
be  estimated  itself. 

We  take  a  Bayesian  approach  by  defining  a  prior  density 
on  the  scenes  of  targets.  The  prior  coupled  to  the  sensor 
data  likelihood  gives  the  Bayes  posterior.  The  conforma¬ 
tion  is  selected  to  be  consistent  with  the  data  in  the  sense 
that  scenes  of  high  probability  under  the  posterior  distri¬ 
bution  are  selected.  Our  method  for  generating  candidate 
conformations  is  to  sample  from  the  posterior.  For  this 
a  new  class  of  random  sampling  algorithms  is  used  base, 
on  jump-diffusion  dynamics,  introduced  in  Grenander  ana 
Miller  [1,  2,  3]  which  visit  candidate  solutions  according  to 
the  posterior  density.  The  original  motivation  for  introduc¬ 
ing  jump-diffusions  is  to  acconnnodate  the  very  different 
continuous  and  discrete  components  of  the  discovery  pro¬ 
cess.  Given  a  conformation  associated  with  a  target  type, 
or  group  of  taurgets,  the  problem  is  to  track  and  identify 
the  orientation,  translation  and  scale  parameters  accom¬ 
modating  the  variability  manifest  in  the  viewing  of  each 
object  type.  For  this,  the  parameter  space  is  sampled  us¬ 
ing  Langevin  stochastic  differential  equations  in  which  the 
state  vector  continuously  winds  through  the  translation- 
rotation-scale  space  following  gradients  of  the  posterior. 
The  second  distinct  part  of  the  sampling  process  supports 
the  recognition  associated  with  choosing  the  target  types. 
The  deduction  algorithm  goes  through  multiple  stages  of 
hypothesis  during  which  the  airplane  types  are  being  dis¬ 
covered,  and  some  subset  of  the  scene  may  be  only  par¬ 
tially  “recognized.”  This  is  accommodated  by  defining  the 
second  transformation  type  which  jumps  between  different 
object  types,  where  a  jump  may  correspond  to  the  hypoth¬ 
esis  of  a  new  object  in  the  scene,  or  a  “change  of  mind” 
about  an  object  type.  The  jump  intensities  are  governed 
by  the  posterior  density,  with  the  process  visiting  confor- 


B-33 


mations  of  higher  probability  for  longer  exponential  times, 
and  the  diffusion  equation  governing  the  dynamics  between 
jumps. 


3  Global  Templates 


We  use  the  global  shape  models  and  pattern  theoretic  ap¬ 
proach  introduced  by  Grenander  [5,  4].  As  the  basic  build¬ 
ing  blocks  of  the  hypotheses  define  the  set  of  generators  G, 
the  targets  placed  at  the  origin  of  the  reference  coordinates 
at  a  fixed  orientation,  position,  and  unit  scale. 

The  fundamental  variability  in  target  spaces  is  accommo¬ 
dated  by  applying  the  transformations  T{d)),T{f},T{s)  to 
the  templates  G  according  to 
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where  0  is  the  triple  of  rotation  angles  associated  with  the 
rotation  of  the  viewing  sphere  about  each  object,  p  are 
the  translation  parameters  in  3?^,  and  the  s  is  the  scale 
parameter  in  9?+.  These  parameterized  transformations 
operate  on  the  template  targets  of  G  generating  the  full 
target  space. 

Figure  1  shows  one  of  the  3-D  ideal  targets  used  for  all  of 
the  simulations  below.  The  left  panel  shows  a  rendering  of 
the  target  at  the  origin,  the  right  panel  showing  the  result 
of  applying  one  of  the  transformations. 


Figure  1:  3-D  target  at  the  origin  (left  panel)  and  after 
applying  transformations  (right  panel) 


3.1  The  Parametric  Space 

Now  the  parametric  space  parameterizing  the  Bayes  poste¬ 
rior  becomes  the  set  of  parameters  specifying  the  similarity 
transformations,  as  well  as  the  airplane  type.  Define  the 
space  containing  orientations  $  as  A4(3)  =  [0,  2t)-  x  [0,  tt] 
with  0  and  25r  identified.  The  position  vector  p  lies  in 
with  the  scale  parameter  belonging  to  0f+.  Then  associ¬ 
ated  with  each  target  or  generator  g  E  G  is  a.  parameter 
vector  f  €  A4(3)  X  X  3J+  X  .4,  where  |.4|  =  \G\  the 
number  of  different  target  types. 

A  pattern  will  be  constructed  from  multiple  targets  with 
varying  track  lengths.  In  [6]  we  have  described  the  multi¬ 
target  scenaurio.  Here  we  focus  on  single  target  scenes.  We 
are  interested  in  tracking  and  recognition  in  “hostile/non- 
cooperative”  environments  in  which  the  objects  can  appear 
and  disappear  on  random  times  Ti,T  +  Ti  E  [0,co)  with 
T  >  0.  The  parameter  vector  associated  with  track  be¬ 
comes 


XT  6  (a4(3)  X  3^  X  5R+ X  "  '  x  3?+ . 

As  tracks  will  be  discretized  to  sample  times  with 

the  object  entering  and  leaving  at  ni,n  +  ni  respectively, 
the  parameter  vector  Xn  associated  with  an  n-length  track 
is  an  element  of  Xn  =  {M{Z)  x  x  x  .4)"  x  Z+. 
Since  n  is  unknown,  the  full  parameter  space  becomes 

OO 

A’=  y  (A4(3)x3?2xSfi+x.4)"x2+  .  (4) 

nsrO 

The  posterior  density  defined  over  the  full  parameter 
space  X  is  assumed  to  be  of  Gibbs  form 

In  the  work  presented  here  only  rigid  transformations  are 
used  with  s  =  1.  Also  we  assume  the  enterance  time  Ti(ni) 
known  apriori. 


4  The  Bayes  Posterior 

The  ideals  I  El  are  what  can  be  observed  by  an  ideal  (with 
no  loss  of  information)  observer.  The  actual  observer,  how¬ 
ever,  may  only  be  able  to  see  the  elements  with  loss  of 
information  due  to  projection,  observation  noise  and/or 
limited  accuracy  in  the  sensor.  Denote  the  operation  by 
which  the  ideal  I  appears  as  some  object  say  7®,  by  de¬ 
formations  d  :  Z  — »•  ,  d  E  V,  where  V  is  the  set  of 

deformation  mechanisms,  both  random  and  deterministic. 

We  take  a  Bayesian  approach  to  the  generation  of  can¬ 
didate  scenes  by  defining  a  posterior  probability  of  the  pa¬ 
rameter  vector  Xn  representing  ideal  I  given  the  measured 
data  7^  according  to 

7r(x„)  =  oc  ^ 

Z  Z  ’ 
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where  L(/^|x„)  is  the  potential  associated  with  data  like¬ 
lihood  and  P{xn)  is  the  potential  associated  with  the  prior 
density  on  the  parameter  space. 

In  the  problem  stated  here  the  data  I®  has  multiple 
components  corresponding  to  the  vaxious  sensors: 

We  only  include  two  sensors,  one  for  tracking  and  one  for 
high-resolution  imaging. 

4.1  Tracking  Priors 

The  prior  on  track  formation  is  based  on  the  dynamics  of 
target  motion  and  follows  that  described  in  Srivastava  et 
al.  [7]  in  which  the  force  equations  governing  the  motion 
of  targets  are  utilized  to  form  a  prior  density  on  the  track 
parameter  space.  As  an  object  moves  in  3  space  it  traverses 
a  continuous  path  consisting  of  a  sequence  of  translation 
locations  ^t)  £  For  describing  their  dynamics  we  shcJl 
be  interested  in  expressing  the  tracks  in  terms  of  the  body 
frame  velocities  of  the  objects,  v{t)  £  3?^  which  are  related 
to  the  inertial  positions  [8]  according  to 

p{t)=  f  ^(T)v(T)dT  +  ^Ti).  (6) 

JTi 

where  #(r)  is  the  product  of  three  rotation  matrices  in  Eqn 
(2).  As  in  [7]  the  rigid  body  analysis  with  the  assumptions 
that  the  earth’s  curvature,  motion  and  wind  effects  are 
negligible  implies  that  the  translational  motion  is  given  by 
the  Newtonian  vector  equation 

=  m  (7) 

Here  £  M{3)  are  the  Euler’s  angles  representing  the 
orientation  of  the  target  with  respect  to  the  ground  based 
inertial  frame  and 

_  r  0  -qsit)  q2{t)  ' 

=  qsit)  0  -qiit)  , 

.  -92(0  9i(0  0  . 

with  the  rates  of  change  of  orientation,  which  are  func¬ 
tions  of  the  Euler’s  angles. 

This  linear  differential  equation  is  characterized  by  the 
time- varying  parameter  matrix  A(i^(t))  and  force  vector 
f{t).  The  covariance  is  induced  following  the  approach 
of  Srivcistava  et  al.  [7]  and  Amit  et  al.  [9]  by  assuming 
the  forcing  function  is  a  white  process  with  mean  f{t)  and 
a  fixed  spectral  density  cr,  which  then  induces  a  Gaussian 
process  ir(0  with  mean  v{t)  and  covariance  operator  deter¬ 
mined  by  the  differential  operator  of  Eqn.  (7)  according 
to  ^ 

5(t)  =  f  e~  (8) 

JTi 

tr  U  \  r  ^(«(r))dr  -  /;  .4(^(r))dr  j 

Ky{t,s)  =  cr  [e  ][e  •'u  j^dti. 

Jti 

(9) 
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Using  Eqn  (6)  the  prior  density  on  the  airplane  positions 
can  be  written  as 

Kp{t,s)=  f  f  ^Ti)Ky{Ti,r2)^^T2)dTidT2  .  (10) 

JTi  JTi 

Notice,  this  covariance  is  parameterized  by  the  sequence 
of  airplane  orientations  <j>{t),t  £  [ri,r2).  This  connects 
the  tracking  and  recognition  algorithms. 

4.2  The  Likelihood:  Tracking  and  Imag¬ 
ing  Data 

There  are  two  sensor  types  in  our  problem:  a  tracking 
sensor  and  a  high-resolution  imaging  sensor. 

4.2.1  Tracking 

For  the  tracking  we  assume  a  ncirrowband  tracking  cross 
array  as  in  [10,  6,  7,  11]  using  the  standard  narrowband 
signal  model  developed  in  [12].  The  uniform  cross  array 
consists  of  two  uniform  linear  arrays  orthogonal  to  each 
other,  sensitive  to  the  range,  elevation,  and  azimuth  loca¬ 
tions  of  the  targets  related  to  the  inertial  positions  p{t) 
through  regular  coordinate  transformations. 

For  the  data  collected  at  the  P-element  sensor  array  at 
time  t  the  superposition  of  the  incoming  signal  and  the 
ambient  noise  becomes 

dtrack{t)  =  d{p(t))s{t)-i-n{t),  (11) 

where  n(t)  is  a  P  x  1,  0-mean  complex  gaussian  random 
vector  with  identity  covariance,  s{t)  is  the  signal  value  and 
d(p(t))  is  a  reguleir  P  x  1  Vandermonde  direction  vector 
with  the  angles  of  signal  arrival  parameterized  by  the  iner¬ 
tial  postiton  p{t).  The  deterministic  signal  model  is  used 
as  in  [10]  in  which  the  measurements  y(t)  are  Gaussian 
distributed  with  mean  d(^t))s(<). 

4.2.2  Imaging 

While  we  are  currently  incorporating  models  for  high- 
resolution  radar  imaging  as  described  in  [13,  14,  15,  16, 
17,  18],  all  of  the  results  shown  are  based  on  opticcil  imag¬ 
ing  systems  in  which  the  data  is  assumed  to  be  on  a  dis¬ 
crete  square  64  x  64  lattice  jC.  The  imaging  data  at  time 
t  is  the  set  of  4096  grey  scale  pixel  values  drecas(t)  = 
{dj(t),i  £  £}.  The  deformation  of  the  imaging  process 
of  the  ideal  targets  is  assumed  here  to  be  projection  with 
additive  noise.  For  the  simulations  shown  below  a  Gaus¬ 
sian  noise  model  was  used,  with  the  measured  data  having 
mean  the  true  ideal  3-D  image  projected  onto  the  2-D  lat¬ 
tice  space. 

Shown  in  Figure  2  aue  the  two  kinds  of  data  which  the 
algorithms  are  based  on.  The  left  column  shows  the  ideal 
projected  onto  2-D  with  additive  noise  at  three  different 
time  instants.  This  is  representative  of  the  optical  imag¬ 
ing  component  of  the  algorithm.  The  right  column  shows 
the  spatial  power  spectrum  from  the  narrowband  tracker 
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Figure  2:  The  left  column  shows  the  target  projected  onto 
the  2-D  lattice  with  additive  noise  at  three  different  time 
instants.  The  right  column  shows  the  azimuth-elevation 
signal  power  profile  at  three  different  instants  of  time  as 
generated  from  the  narrowband  tracking  data. 


at  three  instants  of  time,  plotted  in  the  azimuth-elevation 
plane  (bright  is  low  power,  dark  is  high  power). 

The  two  measurements  become  if  =  {dtraeit(t),t  € 
[0,00)},  If  =  {drgcog{t),t  €  [0,Oo)}. 


sure  of  the  process  {X{t),t  >  0},  second  the  proof  that 
it  is  the  unique  stationary  measure  is  presented.  The  first 
part  is  proven  by  showing  that  the  backward  kolmogoroff 
operator  A  associated  with  the  Markov  process  satisfies 
the  condition  Af(x„)/^(dx„)  =  0,  for  /(•)  €  domain(A) 
and  ii{dxn)  =  7r(z„)m(d£„),  the  distribution  correspond¬ 
ing  to  ir(r„)  with  m(-)  being  the  lebesgue  measure  associ¬ 
ated  with  the  parameter  space  Xn-  The  generator  A  has 
two  parts,  A  =  A^  +  A^,  corresponding  to  the  jump  and 
diffusion  terms. 


5.1  Jump  Process 

The  jump  process  travels  through  the  infinite  number  of 
subspaces  carrying  the  inference  from  subspace  to  sub¬ 
space.  The  two  kinds  of  jump  moves  allowed  here  are 
addition  or  deletion  of  track  segments  from  the  track  con¬ 
figuration.  These  jump  moves  are  performed  based  on  the 
intensity  parameters  derived  from  relative  posterior  ener¬ 
gies  of  the  configurations.  For  z„  being  the  current  con¬ 
figuration  and  j/m  a  possible  candidate,  z„,  ym  &  X,  define 
q{xn,  dym)  as  the  transition  intensity,  q{xn)  as  the  intensity 
of  jumping  out  of  the  space  containing  z„,  and  Q(x„,dym) 
as  the  probability  of  transition.  These  are  related  accord¬ 
ing  to  the  relations 


qix„)  =  f 


q(Xn ,  dym) 


V(^n>o2/m)  —  /^  \  • 


where  T^(x„)  is  the  set  of  all  configurations  reachable  in 
one  jump  move  from  z„.  As  shown  in  [2]  there  are  at 
least  two  ways  of  generating  these  jump  intensities  from 
the  posterior  density,  these  being  analogues  of  Gibb’s  sam¬ 
pling  and  Metropolis  [19]  based  acceptance-rejection.  The 
implementation  presented  here  uses  the  latter  according  to 
which  the  jump  intensity  is  defined  as 


5  Jump-Diffusion  Random  Sam¬ 
pling  Algorithm 

The  most  crucial  part  of  the  problem  still  remaining  is 
the  derivation  of  the  inference  algorithm  for  generating 
inferences  of  high  probability.  Our  approach  is  to  con¬ 
struct  a  jump-diffusion  Markov  process,  foUowing  the  ap¬ 
proach  outlined  in  Grenainder  and  Miller  [1],  which  has 
the  limiting  property  that  it  converges  in  distribution  to 
the  Bayes  posterior.  This  jump-diffusion  Markov  process 
>  0}  samples  the  posterior  density  ir(z„),z„  €  X 
defined  over  the  full  parameter  space  X  =  i-e. 

the  time  samples  of  the  process  visit  the  conformations  ac¬ 
cording  to  the  posterior  density.  This  result  is  presented 
in  [1,  2,  3]  as  theorems  which  follow  from  two  fundamental 
results.  First  it  is  shown  that  7r(z„)  is  a  stationary  mea- 
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q{xn,dym)  =  e  (12) 

where  [/(•)]+  stands  for  the  positive  part  of  the  function. 
The  backward  kolmogoroff  operator  A^  for  this  jump  pro¬ 
cess  is  given  by 

A^f{Xn)  =  -q{x„)f{xn)+  I  qiXn)QiXn,dym)f{ym) 

and  A^  f{xn)n{dx„)  =  0.  This  makes  t(z„)  stationary 
for  the  jump  part  of  the  process. 

5.2  Diffusion  Process 

Between  jump  transitions  the  diffusion  process  searches 
through  the  uncountable  set  of  parameters  within  each  of 
the  subspaces  Xn  ■  It  is  a  sample  path  continuous  process 
which  essentially  performs  a  randomized  gradient  descent 
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over  the  posterior  potential  E{xn)  associated  with  parame¬ 
ter  space  Xn  according  to  Langevin’s  stochastic  differential 
equation  (SDE), 

dX{t)  =  VE{X{t))dt  +  y/2dW{t)  (13) 


where  W{t)  is  the  standard  vector  wiener  process  of  dimen¬ 
sion  of  the  parameter  space  Xn  ■  The  backward  kolmogoroff 
operator  A'^  defining  the  diffusion  generated  by  above  SDE 
is  given  by 


A^fixn)  =  VE(x„).V/(f„)  -t-  ^ 

ij 


dPi^n) 

d{Xn)id{x„)j 


and  satisfies  the  condition  A^ f{xn)ti{dx„)  =  0.  See  [1] 
for  the  proof. 


6  Results 

The  tracking  and  recognition  algorithms  were  jointly  im¬ 
plemented  using  a  Silicon  Graphics  workstation  for  data 
generation  and  visucilization,  and  a  massively  parallel  4096 
processor  SIMD  DECmpp  machine  for  implementing  the 
tracking-recognition  random  Scimpling  eilgorithm. 


other.  Optical  imaging  of  the  space  around  the  estimated 
target  positions  is  simulated  using  the  Silicon  Graphics  to 
generate  data,  as  shown  in  Figure  2,  which  consitutes  the 
imaging  data.  These  two  data  sets  combine  to  form  the 
posterior  density  over  the  parameter  space  conditioned  on 
the  avaUable  data  up  to  current  time  t.  For  each  candidate 
target  type,  a  set  of  “snap-shots”  sampling  efficiently  the 
object  space,  all  the  possible  orientations  of  the  object, 
is  pre-stored.  The  position,  orientation  and  target-type 
parameters  are  simultaneously  estimated  using  the  jump- 
diffusion  algorithm  to  sample  the  posterior  density.  The 
estimation  proceeds  by  births  and  deaths  of  track  segments 
at  random  times  through  discrete  jump  moves.  These 
moves  are  performed  by  generating  candidate  configura¬ 
tions  from  the  prior  density,  using  target  dynamics  in  this 
case,  and  selecting  using  Metropolis  acceptance/rejection. 
A  second  type  of  jump  move  is  allowed  to  sample  firom  the 
the  object  space  A.  A  diffusion  algorithm  is  run  between 
the  jumps  for  adjusting  the  orientation  and  position  esti¬ 
mates  following  gradients  over  the  posterior  energy.  The 
estimation  utilizes  the  prior  measure  on  target  positions 
which  is  parameterized  by  the  rotational  motion  of  the 
target.  The  object  recognition  is  coupled  to  the  tcirget 
tracking  by  use  of  orientation  estimates  in  the  prior  mea¬ 
sure.  In  Figure  3  the  top  left  panel  shows  the  actual  flight 
path  generated  via  the  flight  simulator.  The  other  three 
panels  display  the  successive  stages  of  the  tracking  and  es¬ 
timation.  The  estimated  track  is  superimposed  in  white 
on  the  actual  track. 
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MULTI-TARGET  NARROWBAND 
DIRECTION  FINDING  AND 
TRACKING  USING  MOTION 
DYNAMICS 

Anuj  Srivastava  and  Nicholas  Cutaia  and 
Michael  L  Miller  and  Joseph  A.  O’Sullivan  and  Donald  L.  Snyder 

1  Introduction 

Multiple  target  tracking  and  narrowband  direction  finding  are  well  known 
problems  in  the  signal  processing  literature.  In  [1]  we  have  described  a  new 
family  of  random  sampling  algorithms  for  use  in  multi-target  tracking  of 
dynamically  moving  targets  by  passive  sensor  arrays.  We  take  a  Bayesian 
approach  where  we  define  a  posterior  probability  over  the  configuration  space 
of  multiple  tracks  and  use  a  jump-diffusion  algorithm  to  generate  conditional 
mean  estimates  from  the  probability  measure.  The  mathematical  foundation 
for  jump-diffusion  processes  used  for  model-order  estimation  problems  of  this 
kind  is  developed  in  [2,  3]. 

In  this  paper  we  present  a  new  prior  on  track  formation  which  is  based 
on  the  dynamics  of  target  motion.  The  force  equations  governing  the  motion 
of  targets  are  utilized  to  form  a  prior  density  on  the  multi-track  parameter 
space.  This  combined  with  the  Hkelihood  provides  the  posterior  measure  for 
the  jump-diffusion  algorithm. 

All  authors  are  with  Electronic  Signals  and  Systems  Research  Laboratory,  Department 
of  Electrical  Engineering  at  Washington  University,  St.  Louis  ,  Missouri  63130. 
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Figure  1:  Aircraft  motion  in  3-D  space,  ^(t)  representing  the  rotational  mo¬ 
tion  while  p{t)  signifies  the  translational  motion. 

Section  2  analyzes  the  aircraft  motion  so  as  to  induce  the  prior  on  track 
formation,  with  section  3  deriving  the  signal  model  and  the  Bayes  posterior. 
Section  4  show-s  various  results  on  multiple  target  tracking  using  the  jump- 
diffusion  algorithm. 

2  Motion  Dynamics  Induced  Prior 

As  an  object  moves  in  3  space  it  traverses  a  continuous  path  consisting  of  a 
sequence  of  point  locations  p{t)  =  [pi(t),P2(0j7^3(0)^  C  as  showm  in  Fig¬ 
ure  (1).  For  describing  their  dynamics  w'e  shall  be  interested  in  expressing  the 
tracks  in  terms  of  the  velocities  of  the  objects,  u(t)  =  [ui(t),  U2(t),  ^  3?^ 

which  are  related  to  the  positions  according  to  p(f)  =  i;(r)dT  -f  p(to)- 
In  defining  the  prior  we  make  the  following  assumptions:  (i)  the  target  is 
a  rigid  body,  (ii)  the  earth’s  curvature  is  negligible,  (iii)  the  earth’s  motion 
is  negligible  compared  to  target  motion,  and  (iv)  wind  effects  are  negligible. 
Under  these  conditions,  the  translational  motion  of  the  target  is  governed  by 
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the  force  equations  based  on  Newton’s  second  law  of  motion,  given  by 
i'lii)  +  ?2(i)v3(i)  -  ?3(0^2(i)  =  -  u^5m(^i(t))), 

+  ?3(i)«i  W  -  W^’3(0  =  wsin(e2{t))cos(ei(t))), 

U3(i)  +  qi(t)v2{t)  -  92(0ui(i)  =  ^^■co5(^2(i))cos(^i(t)))  . 

Each  equation  corresponds  to  the  motion  along  one  of  the  principle  axes.  In 
these  equations,  fiit),f2it),  and  /3(t)  are  the  appHed  linear  forces  on  the  tar¬ 
get,  tn  and  mare  the  weight  and  mass  of  the  target,  6{t)  —  (^1(^)5  ^2(i),^3(i))  € 
[0, 27r)^  are  the  Euler  angles  representing  the  orientation  of  the  target  with 
respect  to  its  body  frame  of  reference,  and  ^i)  =  [9i(i)5?2(^)>93(0] 
rates  of  change  of  orientation,  which  are  functions  of  Euler’s  angles  and  their 
derivatives.  In  vector  form  this  becomes 

m + Am)vit)  ^  (i) 


where 


A(«(i))  = 


0  “93(i)  92(0 

93(0  0  ~9i(0  5 

-q^it)  qi{t)  0 , 


1  r  fi{i)  -  wsin{ei{t)) 
f{t)  =  —  f2{t)  +  wsin{92{t))cos{9i{t)) 

^  L  /3W  +  ^«cos(^2(i))cos(0i(t)) 

This  linear  differential  equation  is  ch^acterized  by  the  time- varying  pa¬ 
rameter  matrix  A(0(t))  and  force  vector  f{t).  We  utilize  the  vector  equation 
to  determine  the  covariance  of  the  process  v{t).  To  do  this,  w'e  follow  the  ap¬ 
proach  of  Amit  et  al.  [4]  by  assuming  the  forcing  function  is  a  white  process 
with  mean  /(t)  and  a  fixed  spectral  density  a,  which  then  induces  a  Gaussian 
process  v{t)  with  mean  v{t)  and  the  covariance  operator  determined  by  the 
differential  operator  of  Eqn.  (1)  as  follows.  The  mean  and  covariance  of  the 
velocity  process  are  given  by 
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(2) 

(3) 


This  covariance  is  parameterized  by  the  sequence  of  airplane  orientations 
which  is  modeled  as  a  continuous  Markov  process.  For  all  of  the 
implementation  we  use  the  Markov  Von-Mises  prior  used  in  [1]  but  extended 
to  the  sphere. 

3  The  Posterior 

As  we  assume  that  the  sensor  array  for  narrowband  tracking  provides  a  dis¬ 
crete  set  of  sample  measurements,  we  discretize  the  path  and  the  associ¬ 
ated  velocities  as  follows.  Defining  the  point  in  three-space  at  which  the 
target  resides  at  the  /-th  time  sample  /A  as  ^/],  then  the  velocities  are  as¬ 
sumed  to  be  piecewise  constant  given  by  their  values  at  the  sample  points 
/A,  /  =  1, 2, . . . ,  Ir  so  that  p{l)  =  v{l)A  -f  ;p(0). 

Now  the  discrete  prior  and  likehhood  are  defined. 

3.1  Prior 

Using  the  mean  and  covariance  model  from  Eqns.  (2,3)  the  prior  on  the 
discrete  set  of  velocity  vectors  is  derived  straightforwardly.  First  we  discretize 
the  equation  of  motion  according  to 

v[n  -f  1]  =  (/  -  A[n])u{n]  +  f[n],  (4) 

where  A\n]  implies  A{9[n\).  Now  we  can  define  the  covariance  of  the  i-length 
velocity  vector  of  the  m-th  track  ,  u('")[2]  , . . .  ,  € 

as  matrix  Ky^,„)  =  which  is  an  L  x  T 

block  matrix  Avith  3x3  sub-block  elements.  As  the  driving  function  is 
assumed  white  with  covariance  E{{}[j]  -  J[j]){f[k]  -  f[k])'^}  =  aI6[j  -  k], 
the  element  Avith  block  indices  j,k  is  given  by 

=  cr  £  M[i+l,j-l]M^[i+l,k-l] .  (5) 

1=1 

Avhere  M[j  -b  l,n]  is  a  3  x  3  matrix  giA^en  by 

M[j  -f  1,  n]  =  n  (^  ~  +  i  +  1)  -  ^]), 

/=i-n 
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and  M[n  +  l,n]  is  defined  to  be  the  identity  matrix.  The  mean  velocity 
vector  at  any  time  instant  n  +  1  becomes 

%  +  1]  =  ^  M[j  +  l,n]J[j]  +  M[l,  n]i;[l]. 

i=i 


Given  the  mean  velocities  and  the  covariance  matrix,  the  prior  on  the 
m-th  track  can  be  written  as 


7r(y(’"),  =  {2x)^det^  [Kv(’^)] 


(6) 


where  £^(0^“))  represents  the  prior  energy  on  the  rotational  motion  of  the 
m-th  target  described  by  its  set  of  Euler’s  angles.. 


3 


3.2  Signal  Model  Data  Likelihood 

To  describe  the  multi-track,  multi-  sensor  scenario  we  use  the  standard  nar¬ 
rowband  signal  model  developed  in  [5]  and  used  for  tracking  in  [l],  [6].  The 
targets  are  assumed  observed  using  a  narrowband  sensor  array,  in  the  ex¬ 
periments  shown  here  a  uniform  cross  array  consisting  of  two  uniform  linear 
arrays  orthogonal  to  each  other  lying  in  the  inertial  frame  of  reference  Figui\: 
(1).  This  array  is  sensitive  to  the  range,  elevation,  and  azimuth  locations 
of  the  targets  {5(i)  :  r(i),ai(t),a2(t)},  respectively.  These  angles  are  mea¬ 
sured  in  the  inertial  frame  of  reference  while  the  previously  defined  velocities 
on  which  the  prior  is  based  are  described  in  the  body  centered  fram'  The 
variables  in  the  two  reference  frames  are  related  by  known  transformations 
[7].  Notice,  using  the  standard  cartesian  to  polar  coordinate  transformation 
and  the  above  mentioned  transformations,  the  azimuth,  elevation,  and  range 
parameters  are  deterministically  related  to  the  velocities.  Define  a  transfor¬ 
mation  $  from  velocities  in  body  centered  frame  to  the  point  locations  in  the 
inertial  frame  as 

«  :  --  {S(r)},i.  S  10.2x)=‘  x  Sj: 

The  transformation  $  allows  us  to  write  the  likelihood  of  the  sensor  data  in 
terms  of  the  velocity  vectors. 

For  the  m-th  source  the  data  collected  at  the  P-element  sensor  array  at 
discrete  time  I  is  the  superposition  of  the  incoming  signal  and  the  ambient 
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noise,  and  is  given  by 

y„l/]  =  d(«({i<”)l(]))^„[/)  +  n„li),  (7) 

where  n[l]  is  a  P  x  1,  0-mean  complex  gaussian  random  vector  with  identity 
covariance,  Sm[k]  is  the  signal  value  and  d($(u^"’)[/]))  is  a  regular  P  x  1 
Vandermonde  direction  vector  with  the  angles  of  arrival  parameterized  by 
the  velocity  vector  In  the  multiple  target  case,  the  received  signal 

is  a  superposition  of  the  signals  from  each  target.  Assuming  there  are  M 
targets  present,  the  received  data  in  matrix  form  becomes 

Y[/)  =  D„($(5<‘)(0),...4(S<">(0))sMl'l  +  nlil  (8) 

where  Dm[/]  is  thePx .Af  matrix  [d($(u^^)[/]))  d($(v(^)[/])) ...  d($(u(-''^)[/]))], 
and  smI^]  is  the  M  x  1  vector  of  signal  amplitudes  at  time  1. 

The  vector  of  signal  values  Sa/[/]  is  modeled  as  a  deterministic  quantity, 
with  the  likelihood  for  an  M -track  scene  becoming 

L{data\V^^\ . . . ,  oc  H  (9) 

i=i 

3.3  Parameter  Space  and  Posterior 

To  formulate  the  Bayes  posterior  first  we  define  the  parameter  space  on 
which  it  has  support,  and  then  combine  the  prior  from  track  dynamics  with 
the  likelihood. 

Define  a  track-configuration  as  the  set  of  parameters  which  completely 
describe  the  scene  at  any  time.  Suppose  in  an  observation  period  the  motion 
of  the  m-th  source  is  sampled  L  times  so  its  track  is  completely  defined  by  a 
sequence  of  L  velocity  vectors  according  to,  . . . ,  € 

9?^^.  For  a  multiple  track  scene  with  M  targets,  M  being  unknown,  the  con¬ 
figuration  is  the  set  of  M  tracks  ( V’W, . . . ,  with  the  complete 

configuration  or  parameter  space  being  Um=o  The  parameter  space  is 

a  countable,  infinite  union  of  subspaces  each  having  an  associated  value  of 
M,  highlighting  an  important  issue  in  this  estimation  problem.  The  model 
order,  i.e.  the  number  M  of  targets  present  in- the  observation  space,  is  not 
known  beforehand.  Each  scene  of  M  targets  has  a  variable  number  3ML  of 
parameters,  with  M  itself  a  parameter  to  be  estimated  by  the  algorithm. 
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Since  the  prior  on  motion  dynamics  involves  the  trajectories  of  the  Euler 
angles  6,  a  bigger  parameter  space  is  required  to  account  for  both  the  rota¬ 
tional  and  translational  motions  .  The  parameter  set  for  Af^-tracks  becomes 
. . . ,  e  with  the  complete  pa¬ 
rameter  space  being  uif=o  x  Now  we  define  the  posterior 

measure  over  this  complete  configuration  space. 

For  the  multi-target  case,  the  target  motion  is  assumed  to  be  independent 
across  targets,  giving  the  prior 

M 

m—1 

(10) 

with  Tr{M)  the  prior  on  the  number  of  tracks  and  Em=o  ’^{M)  =  1. 

Combining  the  likelihood  and  prior  terms  the  posterior  is  of  Gibbs  form 
TT  =  with  potential 

C/(y(i),0a)),(y(2),0(2)),  ...  ,(yW,0(^^,Af) 

=  i:(-|Y(/)-D„(«(5WW...4{S<"’[())))3MlilP) 
'=1 

M  ^ 

771=1  m=l 

+  log{Tr{M)). 

4  Simulation  Results 

The  estimation  is  performed  by  sampling  the  multi-track  parameter  space 
X  [0,27r)^^^-^  using  jump-diffusion  processes  as  described  in  [1, 

2,  3].  We  construct  a  Markov  process  which  visits  the  candidate  solutions 
according  to  the  posterior  Gibb’s  density  tt  =  In  this  algorithm,  the 

jump  process  carries  the  estimate  from  subspace  to  subspace  of  various  track 
numbers,  with  the  diffusion  following  stochastic  gradient  descent  within  the 
subspaces.  It  has  been  proven  that  the  jump-diffusion  produces  samples  from 
the  posterior,  so  that  the  empirical  averages  converge  to  their  conditional 
mean  expectations  under  the  posterior. 

Figure  (2)  demonstrates  the  use  of  jump-diffusion  based  sampling  algo¬ 
rithm  for  multiple  target  tracking  in  the  plane  where  the  tracks  are  com- 
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Figure  2:  Illustrating  jump-diffusion  based  sampling  for  2D  problem  esti¬ 
mating  only  one  angular  location.  In  the  background  is  the  spatial  poNver 
spectrum  with  brightness  representing  energy  at  that  angular  location.  The 
top  left  panels  shows  the  four  tracks,  top  right  and  bottom  left  show  inter¬ 
mediate  stages  of  estimation  with  the  final  result  in  the  bottom  right. 


Figure  3:  The  three  panels  display  the  spatial  power  spectrum  at  three  loca¬ 
tions  along  the  track  in  3  space  with  brightness  a  function  of  energ^e 
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Figure  4:  Estimation  of  single  track  configuration  in  3D  space.  The  left  panel 
shows  the  true  track  in  gray.  The  middle  and  the  right  panels  show  interme¬ 
diate  and' final  track  estimates  with  the  estimated  track  shown  overlying  in 
white. 


pletely  specified  via  a  single  elevation  angle.  The  prior  used  is  the  Von-Mises 
prior  (see  [1]  for  details  of  implementation  etc).  Further  the  targets  are  ob¬ 
served  by  a  uniform  linear  array,  with  the  algorithm  forced  to  estimate  the 
number  of  targets  as  Avell  as  the  paths  themselves.  The  four  panels  show 
various  stages  of  the  algorithm.  The  actual  tracks  are  shown  in  top  left  while 
top  right  and  bottom  panels  show  the  intermediate  and  the  final  results  with 
the  estimates  drawn  over  the  actual  tracks.  Shown  in  the  background  is  the 
spatial  power  spectrum  of  the  data  generated  using  minimum  variance  distor¬ 
tionless  response  (MVDR)  beamforming  [8]  with  the  brighter  spots  signifying 
higher  energy  locations. 

For  3D  problem,  the  algorithm  was  run  on  a  simulated  data  set  with  track 
length  L  =  64  and  a  cross-array  having  two  32  elements  subarrays  each  with 
half  wavelength  spacing.  Shown  in  Figure  (3)  are  a  series  of  spatial  power 
spectra  of  data  at  three  different  time  indices  along  the  track.  Figure  (4) 
shows  the  estimation  of  a  complete  track  from  this  noisy  data  set.  the  left 
panel  shows  the  actual  track  in  gray  in  the  inertial  frame  of  reference  with  the 
middle  and  right  panels  showing  the  estimated  track  drawn  over  the  actual 
track  at  the  successive  stages  of  the  algorithm. 
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Lie  Group  Parameterization  for  Dynamics  Based  Prior  in  ATR  * 


Anuj  Srivastava  ^  Michael  I.  Miller^  Ulf  Grenander  * 


Recently  the  authors  have  presented  a  new  random  sampling  algorithm  for  automated  tracking  and  recogni¬ 
tion  of  multiple  targets  [1],  based  on  the  ideas  presented  in  [2].  This  method  involves  dynamics  based  tracking 
in  a  general  scenario,  featuring  non-linear  data  equations  and  having  unknown  (and  variable)  number  of  tar¬ 
gets  to  track/recognize.  Taking  the  Bayesian  approach,  a  posterior  measure  is  constructed  on  the  parameter 
space  X  =  where  Xm  is  the  parameter  space  associated  with  M  targets.  Then,  a  jump-diffusion 

algorithm  is  used  to  sample  from  this  posterior  for  empirically  generating  the  conditional  expectations  under 
this  posterior  to  solve  the  minimum  mean  square  error  (M.M.S.E)  problem.  Earlier,  the  estimation  problem 
was  solved  with  the  target  paths  parameterized  by  the  sequence  of  positions  p  and  the  Euler  orientations 
(pitch,  roll  and  yaw)  <f>  6  [0, 27r]^,  0, 27r  identified. 


1  Parameterization 

Now  we  present  a  more  natural  parameterization,  of  track  scenes,  which  simplifies  the  derivation  of  the 
dynamics  based  prior  on  the  parameter  space.  Here,  the  target  orientation  is  represented  by  a  3  x  3  matrix 
based  on  the  Euler  angles  according  to 


■  1 

0 

0 

cos4>2{t) 

0 

—sin4>2{t) 

COS(j>3{t) 

sin^zlt) 

0  ■ 

0 

COS(^l(t) 

sin<l>i{t) 

0 

1 

0 

COS<j>3{t) 

0 

0 

—sin<j>\(t) 

cos^i{t) 

sin<f)2{t) 

0 

COS(i>2{t) 

0 

0 

1 

Notice,  0{i)  belongs  to  a  group  of  3  x  3  orthogonal  matrices  with  determinant  1,  called  the  special  orthogonal 
group  50(3),  known  to  be  a  Lie  group  under  matrix  multiplication.  It  can  be  shown  that  0{i  -f  e)  = 
where  A(?(t))  is  the  skew-symmetric  matrix  consisting  of  elements  of  q{t)  =  [gi(t)  q2{t)  ?3(t)], 
the  vector  of  target’s  rotational  velocities  in  its  body-frame  and  A(g(r))  =  A(q(t)),r  e  [t,t  +  e)-  Assume 
that  a  target  is  observed  in  the  interval  [to,  71  then  the  target  path  can  be  described  by  {p(t),  0(t)}[*“’^J  G 
(SJ^  X  50(3))t*“’^^  Observe  that  the  orientation  process  can  be  parameterized  by  the  angular  velocities  of  the 
airplane,  with  the  representation  further  simplified  to  {v(t),  g(<)}^*'’’^^  G  given  p(to),  O(to).  We  choose 

to  pose  the  estimation  problem  in  terms  of  these  velocities  as  it  is  natural  to  describe  the  airplane  dynamics 
via  the  linear  and  angular  velocities  using  the  Newtonian  equations  of  airplane  motion  as  described  below. 


2  Bayesian  Posterior 

The  posterior  measure  is  composed  of  two  terms:  a  data  driven  likelihood  component  and  a  prior  knowledge 
component.  The  airplane  motion  (under  simplifying  assumptions  [3])  is  described  by  the  stochastic  differential 

*For  correspondence:  anuj@hyperion,  phone:  (314)-935-7552,  fax:  (314)-9354842.  This  work  was  supported  by  the  ARO 
DAAL03-92-G-0141,  ONR  N00014-88-K-289,  and  Rome  Laboratory  F30602-92-C-0004  to  Michael  I.  Miller  and  ARO/MIT 
DAALO3-92-G-0115,  ONR  N00014-91-J-1021,  ARL  MDA972-93-1-0012,  and  NSF  DMS-9217655  to  Ulf  Grenander. 

♦  Department  of  Electrical  Engineering,  Electronic  SigneJs  and  Systems  Research  Laboratory,  Weishington  University,  St.  Louis, 
MO  63130. 

♦Division  of  Applied  Mathematics,  Brown  University,  Providence,  RI  02920. 


B-49 


equations, 


nit)  -  <l3it)nit)  +  ?2(0«3(<)  =  hit)  , 

Mt)  +  mit)nit)  -  qiit)v3it)  =  /2(f) , 

nit)  -  q2it)viit)  +  gi(t)t;2(<)  =  fsit)  ,  (1) 

hqiit)  —  ih  —  h)q2it)q3it)  =  ri(t)  , 
hq2it)  —  ih  —  ii)qiit)q3ih)  =  r2(t) , 
hizit)  —  ih  —  h)q2it)qiit)  =  r3(0  • 

The  first  three  equations  describe  the  airplane’s  translational  motion,  while  the  next  three  describe  its  ro¬ 
tational  motion.  These  equations  of  motion  are  used  to  induce  the  prior  on  track  formation.  Let  the  state 
vector  be  defined  as  ir(t)  =  [v(f)  g(f)]  and  f{i)  be  the  vector  of  forcing  functions  (on  rhs  of  the  above  equa¬ 
tions).  Let  the  continuous  target  motion  be  sampled  at  discrete  observation  times  0, 1,  ..,n  —  1  and  define  a 
transformation  L  :  ^  such  that  L(x(0),  ..,x(n))  =  {/(O), /(I), .., /(n)}  is  the  compact  form  of  the 

discretized  version  of  the  above  differential  equations.  With  the  forces  driving  these  equations  modeled  as  i.i.d 
random  variables  with  the  density  given  by  Fi(-),  the  density  on  x  (by  change  of  variables)  can  be  written 
as  p(2;(0),  ..,a:(n))  =  J(a:(0),  ..,a;(n))nr_j  Fi(L*(x(0),  ..,a:(n))  ,  where  J(-),  L'  are  the  Jacobian  and  the 
component  of  L.  If  the  derivatives  are  approximated  by  forward  differences  then  the  Jacobian  reduces  to  one 
and  can  be  dropped  from  the  expression. 

There  are  two  kinds  of  observation  radars  assumed,  first,  a  low  resolution  radar  which  responds  to  the 
target  positions  assuming  point  targets  used  to  generate  the  tracking  data,  yi(f).  Secondly,  for  target  iden¬ 
tification  and  orientation  estimation  a  high  resolution  radar  is  assumed  generating  the  recognition  data, 
j/2(t)-  Let  the  data  y{t)  =  [yi(t)  2/2(f)]  obtained  from  the  radars  be  modeled  as  y(t)  =  (j(a:(t))  -f  n{t) 
where  Gi-)  is  possibly  a  highly  non-linear  deformation  describing  radar  operation  and  n(-)  is  the  additive  i.i.d 
noise.  If  the  density  for  noise  samples  is  given  by  F2(-)  then  the  observed  data  likelihood  can  be  written  as 
P(y(0), y(n)k(0), x(n))  oc  nr=o  ■^2(y(*)  -  G(a:(f))). 

Combing  the  prior  measure  and  the  data  likelihood  we  obtain  the  posterior  density  on  the  parameter  space 
given  by,  p(x(0),  ..,x(n)|y(0),  ..,y(n))  oc  n"=o  ^2(y(*)  -  G(x(j)))fi(I*(x(0),  ..,x(n))  . 

3  Random  Sampling  Algorithm 

The  estimation  is  performed  by  sampling  the  multi-track  parameter  space  using  a  jump-diffusion  processes 
as  described  in  [1].  We  construct  a  Markov  process  which  visits  the  candidate  solutions  according  to  the 
posterior  Gibb’s  density.  In  this  algorithm,  the  jump  process  carries  the  estimate  from  subspace  to  subspace 
of  various  track  numbers,  with  the  diffusion  following  stochastic  gradient  descent  within  the  subspaces.  It 
has  been  proven  that  the  jump-diffusion  generates  samples  from  the  posterior,  so  that  the  empirical  averages 
converge  to  their  conditional  mean  expectations  under  the  posterior  ([2]). 
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ABSTRACT 

Traditional  automatic  target  recogmtion  (ATR)  sys¬ 
tems  discriminate  based  upon  target  sire,  target  shape, 
or  both.  In  this  paper,  an  .4TR  algorithm  is  proposed 
that  exploits  aircraft-ciass  specific  kinematics  to  assess 
the  tracked  target's  likelihood.  Prior  information  on  kine¬ 
matics  includes  the  physical  parameters  of  the  aircraft, 
allowable  input  forces  to  a  pilot,  and  pilot  behavior  in 
the  aircraft.  It  is  shown  that  the  computation  of  the  like¬ 
lihood  of  observed  events  is  intractable.  A  suboptiinal 
approximation  to  the  likelihood  can  be  computed  using 
a  hypothesis  reduction  method  based  on  the  Generalized 
Pseudo-Bayesian  (GPB)  class  of  algorithms.  A  bound  on 
the  Li  distance  of  a  suboptimal  approximate  density  from 
the  true  density  is  derived. 

Keywords:  generalized  pseudo-Bayesian  algorithms, 
interacting  multiple  model  algorithm,  automatic  target 
recognition,  tracidng,  jump-linear  systems. 

1.  Introduction 

Historically,  techniques  designed  to  solve  the  ATR  prob¬ 
lem  have  been  based  on  the  hypothesis  that  features  of  ob¬ 
jects  from  different  classes  lie  in  ea^y  separated  regions  of 
a  multidimensional  feature  set.  Most  of  the  features  used 
by  researchers  are  geometric,  topological,  and/or  spec¬ 
tral.  For  a  relatively  complete  coverage  of  the  topic,  see 
[1,  2].  Until  recently  [2,  3],  aircraft  Idnematics  have  not 
been  used  as  a  feature.  Libby  uses  kinematic  informa¬ 
tion  to  eliminate  unlikely  airoaft  orientation  sequences 
in  computing  the  joint  density  of  observations.  To  our 
knowledge,  there  has  been  little  other  consideration  of  the 
kinematic  features  as  discriminators  in  the  ATR  problem. 

In  this  paper,  vfe  quantify  prior  kinematic  informa¬ 
tion  and  use  it  to  assess  the  likelihood  of  a  tracked  target. 
Aircraft  have  unique  physical  attributes  (mass,  moments 
of  inertia,  control  surface  dimensions)  that  characteme 
their  angular  and  translational  motion  due  to  applied 
input  forces  whose  knowledge  can  aid  in  the  identifica¬ 
tion  problem.  We  propose  that  identification  can  be  en¬ 
hanced  further  by  constraining  allowable  input  forces  to 
an  aircraft-class  specific  discrete  set.  Tkansitions  from  one 
input  state  to  another  input  state  in  this  set  are  governed 
by  a  Markov  transition  matrix  thus  portraying  the  pilot’s 
behavior  unique  to  the  aircraft. 

The  prior  on  the  input  force  induces  exponentially  in¬ 
creasing  complexity  in  the  computation  of  the  target  like¬ 
lihood.  A  suboptimal  likelihood  can  be  calculated  using 


the  well  known  Generalized  Pseudo-Bayesian  (GPB)  al¬ 
gorithm  [4]  or  the  Interacting  Multiple  Model  (IMM)  Al¬ 
gorithm  [6].  These  algorithms  have  been  used  extensively 
to  solve  the  maneuvering  target  tracking  problem  [4,  T,  8], 
but  have  not  been  applied  to  the  target  recognition  prob¬ 
lem. 

Performance  of  the  likelihood  calculator  is  directly  re¬ 
lated  to  the  performance  of  the  GPB  algorithms.  Perfor¬ 
mance  evaluation  of  the  GPB  class  of  algorithms  is  well 
known  to  be  a  difficult  task.  In  the  past,  performance 
evaluation  rdied  upon  Monte  Carlo  simulation.  Non- 
simulation  attempts  include  global  averaging  approaches 
and  error  bounding  tediniques.  Most  recently,  Li  and 
Bar-Shalom  [9]  designed  an  off-fine  recursion  to  predict 
the  average  performance  of  the  IMM  algorithm  which 
boasts  similar  performance  to  the  GPB2  algorithm.  These 
methods  generally  considered  the  mean  square  error  of  the 
state  estimate.  In  this  paper,  the  performance  of  the  sub¬ 
optimal  estimator  is  bounded  by  the  Li  difference  between 
the  actual  output  density  and  the  approximate  output 
density.  To  our  knowledge,  bounding  of  a  distance  mea¬ 
sure  from  the  suboptimal  approximation  of  the  density  to 
the  true  density  has  not  been  considered  in  the  literature. 

2.  Problem  Formulation 

When  an  aircraft  can  be  assumed  to  be  a  ripd  body  mov¬ 
ing  in  space,  its  motion  can  be  considered  to  have  six 
degrees  of  freedom.  By  applying  Newton’s  Second  Law 
to  the  rigid  body,  the  aircraft  equations  of  motion  can  be 
estabfished  in  terms  of  translational  and  angular  accelera¬ 
tions  whidi  occur  as  a  consequence  of  forces  and  moments 
being  applied  to  the  aircraft.  These  equations  of  motion 
are  nonlinear,  but  can  be  linearized  about  an  operating 
condition.  When  finding  the  TniTiimiTTn  mean  square  error 
state  estimate,  the  extended  Kalman  Filter  can  be  used 
and  the  equations  are  continuously  linearized  about  the 
most  recent  state  estimate.  Sensor  data  are  discrete  time 
measurements  thus  motivating  a  discrete  time  approxi¬ 
mation  of  the  linearized  equations  of  motion.  Thus,  we 
consider  the  aircraft  kinematic  model  as  described  by  the 
linear  discrete  time  system 

Xi+i  =  AiXk  -(-  ttfc  -1-  wit  (1) 

jfc  =  Cxk  -!-  Vfc,  (2) 

where  the  state  x  is  a  n  dimensional  vector,  and  the  obser¬ 
vation  vector  yjc  is  m  dimensional.  It  is  assumed  that  xo 
is  Gaussian  with  mean  0  and  covariance  matrix  Po.  The 
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system  matrix,  Ai  contaiss  coefficients  which  are  condi¬ 
tioned  on  aircraft  type  i  6  1,2, where  N  is  num¬ 
ber  of  possible  target  types.  Each  process  noise  vector, 
tDjfe  is  a  zero  mean  Gaussian  random  vector  with  covari¬ 
ance  Q,  and  each  measurement  noise  vector,  ut  is  a  zero 
mean  Gaussian  random  vector  with  covariance  R.  Pro¬ 
cess  noise  and  measurement  noise  are  assumed  uncorre- 
lated.  The  input  states  are  contained  in  the  set  Fi  which 
is  again  specified  by  the  aircraft  t3rpe  t.  The  number  of 
possible  input  states  available  to  the  pilot  of  aircraft  i  is 
Mi  =1  F;  |.  Transitions  in  this  set  are  determined  by  the 
Markov  transition  matrix  A,-. 

Using  the  classical  Bayesian  approach,  a  target  recog¬ 
nition  system  is  designed  that  estimates  the  a  posteriori 
probability  P(i  j  y(i)),  where  ^(it)  is  the  vector  of  ob¬ 
servation  vectors  up  to  and  including  y*.  This  can  be 
rewritten  using  Bayes  Theorem  as 


P(i  I  Y{k)) = 


(3) 


The  prior  probability  on  aircraft  type,  P(i),  is  engage¬ 
ment  dependent,  but  for  now  can  be  considered  uniform 
across  target  type.  The  unconditional  joint  probability  in 
the  denominator  is  common  to  all  target  types  and  can 
be  neglected  during  a  maximization.  Thus,  the  target- 
conditioned  joint  probability  of  the  observations  is  of  in¬ 
terest.  It  will  be  shown  that  this  joint  probability  is  a 
Mf  order  ganssian  mixture  and  its  ease  of  computation 
is  determined  by  the  time  step  i.  The  primary  focus  of 
this  paper  is  directed  toward  the  use  of  the  kinematic  pri¬ 
ors  in  determining  the  target-conditioned  joint  density  of 
the  observations,  a  suboptimal  approximation  to  joint 
probability  density,  and  the  quality  of  the  suboptimal  ap¬ 
proximation  and  its  effect  on  P(i  |  y(i)). 

For  the  remainder  of  the  paper,  conditioning  on  aircraft- 
class  t  will  be  neglected  for  notational  convenience. 


3.  Joint  Density  on  Observations 

In  this  section,  the  joint  density  on  the  observations  is 
derived.  The  target-conditioned  joint  probability  of  the 
observations  can  be  rewritten  as 

p(ni))  =  p(Y(i)  I  -  i))P(u(k  - 1)), 

(4) 

where  i7(k  —  1)  denotes  the  sequence  of  input  state  vectors 
up  to  and  including  and  is  the  set  rnntaming 
all  .M*  possible  input  state  sequences. 

It  is  relatively  straightforward  to  compute  P(i7(i  — 
1)).  Denote  the  possible  input  state  vectors  as 

7i,  7  =  l,2,...,3f,  (5) 

and  consider  the  Markov  transition  matrix 

All  Ai2  ...  AiAf 

A2I  A22  . . .  A2Af 

A=  :  ;  , 

.  Ami  Am2  -•  Amm 

where  the  transition  probabilities  A,j  are  defined  as 


A.y  =  P(«fe  =  7>  I  ufc-i  =  7i)- 


The  sequence  probability  P(U'(Jk  -  1))  can  be  written  in 
compact  form  as 


nsrl  J=1  l=l  ^ 

where  S  signifies  the  Kxonecker  delta  function  and  P(zto) 
is  assumed  known. 

The  system  equation  can  be  written 

k 

Xk  =  A‘‘xo  -f  X2  (“«-i  +  )•  (8) 

<=1 

It  is  obvious  that  p(yk  |  U(k—l))is  ganssian.  To  compute 
the  unconditional  joint  density  on  the  observations,  the 
joint  probability  of  the  observations  conditioned  on  the 
input  sUte  sequence  is  needed.  This  probability  can  be 
written 

.k 

I  -  1))  =  pivi  I  «o)  JJp(yi  1 17(7  -  1)).  (9) 

7=2 

The  product  of  the  ganssian  densities  p(y,-  |  U{j  —  1))  re¬ 
mains  ganssian  so  the  joint  probability  of  the  observations 
(4)  is  a  mixture  of  Jf*  grmssians. 

As  an  alternative  expression  to  (4),  the  joint  proba¬ 
bility  can  be  expressed  as 

=  ?{yi)  I  ^0'  - 1))-  (10) 

This  can  be  rewritten  as 

p(y(i))  =  p(3,i)JJ  i>(vj\uu-i))- 

i=2  £r(j-i)6ni-‘ 

Pm7-1)\YU-1)).  (n) 

AgM,  ^  time  step  k,  the  joint  probability  of  the  obser¬ 
vations  involves  the  computation  of  an  order  M‘‘ 
mixture.  In  this  form,  the  density  p{yj  [  U{j  - 1))  as  weE 
as  the  posterior  probalnhties  of  the  input  state  sequences 
can  be  approximated  recursively  using  the  GPB  class  of 
algorithms. 

4.  Approximation  of  the  Mixture 
Density 

The  calculation  of  the  joint  probability  of  the  observations 
becomes  intractable  as  the  time  step  k  becomes  large.  To 
keep  the  problem  tractable,  a  strategy  to  consider  only 
the  iV  ganssians  of  the  ganssian  mixture  that  have 
the  latest  contribution  to  the  joint  probability  of  the  ob¬ 
servations  is  necessary.  The  diaHenge  incurred  is  twofold. 
First,  a  method  for  eliminating  terms  of  the  mixture  that 
^  considered  insignificant  must  be  defined.  Second,  the 
imp^  of  neglecting  these  insignificant  terms  on  the  joint 
density  estimate  must  be  quantified  or  at  least  bounded. 

As  an  example,  we  describe  the  use  of  the  GPB  «-lagg 
of  algorithms  to  aid  in  the  suboptimal  computation  of  this 
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joint  density.  The  joint  density  (11)  can  be  appro.ximated 
by  conditioning  only  on  the  most  recent  input  state, 

k  .vr 

p(y(ifc))  =  p{y^)  n  I  ■ 

j=2  1=1 

P(u,_i=7lir(j-1)).  (12) 

In  GPBl,  the  density  on  the  state,  p{xk  \  ^(1:))  is  assumed 
normally  distributed  with  a  mean  zi,  and  covariance  Pk 
when  in  fact  it  is  a  sum  of  ikf*  separate  gaussian  densities 
[4],  Under  this  assumption,  the  posterior  density  on  the 
present  observation  conditioned  on  the  most  recent  input 
state  is  also  gaussian, 

P{Vk+l  I  Y{k),1lk  =  Tm)  ~ 

^^{CAxk  +  Cfm,  C[APkA^  +  Q]C^  +  P)-  (13) 

where  ./V(m,  K)  denotes  a  gaussian  with  a  mean  vertor  m 
and  covariance  matrix  IT.  The  weighting  faxitor  P(uk  = 
7m  I  y(k))  is  immediately  available  from  P(-uk-i  =  v  I 
1  =  \,2,...,M  and  elements  of  the  transition  ma¬ 
trix  A.  The  values  of  P(afc-i  =  7t  I  l'(l:))  available 
from 

.P(ufc-i  =  71  1  n^))  =  p(y*l«-i  =  T«.i'(*-l))- 

P{rtk~i  —  71  i  ~  1))  /i4\ 

P(yfciy(i-l))  ^ 

thus  completing  the  recursive  weight  computation.  For 
more  details  of  the  GPBl  algorithm,  see  [4]. 

Both  terms  in  the  suboptimal  likelihood  are  byprod¬ 
ucts  of  the  GPBl  algorithm.  Obviously,  the  algorithm 
limits  the  computational  complexity  of  the  joint  density 
on  the  observations  by  considering  only  N  —  M  gaus- 
in  the  mixture  instead  of  if*  using  the  hypoth^ 
sis  reduction  technique  &om  the  GPBl  algorithm.  This 
method  <~an  be  easily  extended  to  GPBn  by  considering 
the  most  recent  n  input  states  which  reduces  the  mixture 
to  N  =  Af”  gaussians. 

5.  Performance 


where  Xk.j  =  P{Uj{k  —  l)  |  Y{k  —  1))  and  g{yk,Tnj)  is  the 
gaussian  density  p(y*  1  U]{k  —  1))  parameterized  by  its 

fc-i 

g(yk,  rrtj)  ~  yV(C  ^  i4*“‘aj_i ,  C[APk-iA^ +Q]C^ +P)- 

Issl  ^ 

(IJ) 

Note  that  the  covariance  matrix,  which  we  denote  by  Kk, 
is  data  independent  and  identical  for  each  gaussian  den¬ 
sity.  The  suboptim^  density  as  approximated  by  the 
GPBl  algorithm  is  represented  by 

M 

p  =  p(yfc  I  Y{k  - 1))  =  ^  TkMvk.^i)  (18) 


where  ik,i  =  P[itk—i  —H  1  Y{k  —  1))  and  g{yk,  n*t)  is  the 
gaussian  density  p(pt  |  ufc-i  =  7t‘,  Y{k  —  1))  parametrized 
by  its  mean  m,‘  shown  in  (13).  The  posterior  weights  Tk,j 
and  corresponding  means  irtj  are  partitioned  su^  that 
II  rfn  —  mj  II  is  minimized  over  t;  the  j'*  term  is  then  as¬ 
signed  to  the  i'*  partition  denoted  by  Hi.  H;  corresponds 
to  the  x'*  mean  of  the  suboptimal  gaussian  mixture.  Then 
the  Li  norm  can  be  written  as 

J  \p-p\  =  J  ^^k.ig(yk,mi)- 

^  dvk.  (19) 

i=i  jesi 

This  can  be  upper  bounded  by 
u  -I 

/  kt.ip(y*.*i)- X] ‘^^*' 
i=i  ■'  I  ieSi 

The  suboptimal  posterior  weights  are  redistributed  ac¬ 
cording  to 

J*,,  =  (21) 

Then  (20)  equals 


A  quantitative  measure  of  performance  is  difficult  in  two 
respects.  First,  computation  of  the  true  joint  density  is  in¬ 
tractable  for  l^e  k.  Second,  performance  is  a  nonlinear 
function  of  the  observations  and  thus  cannot  be  deter¬ 
mined  a  priori.  Devroye  and  Gyotli  [10]  suggest  the  Lt 
norm, 


where  p  is  the  suboptimal  joint  density  and  p  is  the  true 
density,  as  a  measure  of  the  “distance”  between  two  den¬ 
sities.  At  each  time  step,  the  performance  of  the  GPB 
algorithm  is  quantified  by  using  an  upper  bound  on  this 
norm  as  the  “distance”  between  the  true  density  on 
and  the  suboptimal  density  on  y*.  At  time  step  h,  the 
true  density  on  the  most  recent  observation  is, 

p  =  p{yk  1  Y[k  -  1))  =  XI  "*1 )  (16) 

1=1 


X3  f  {njgjgk.rhi)  -  ^kjg{yk,Tnj))  dy*  (22) 

•=1  ■'  j€=i 

Af  . 

sEL  \*kjgiyk.  At)  -  Xkjgivk,  nxi)!  dyt  (23) 

i=l 

The  difierence  in  the  gaussians  in  (23)  can  be  quantified 
as  follows.  Let 

(24) 

(  g(yk,mi)  Tfcj  J 
The  j'*  term  in  (23)  can  be  expressed  as 

/  {^kjg{yk, rhi)  -  *k,jg{yk,mi))dyk 

JlV'-A 

-  I  {^kjg{yk, rhi)- rek,jg{yk,mi))dyk,  (25) 

JA 
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which  reduces  to 

-  ^KjPfa)  +  (wfcj  -  iTfcj).  (26) 

The  uotation  Po  and  Pfa  is  chosen  because  these  quan¬ 
tities  equal  the  probability  of  detection  and  false  alarm  in 
a  related  detection  problem.  It  cam  be  shown  that  [11] 


Pd  =  erfc 


Pfa  =  eifc 


Ingj-|g;A 

y/alj  J  ’ 

V5I7  J’ 


aij  =  (ihi  -  -  mj).  (29) 

Thus  the  Zt  norm  can  be  upper  bounded  by 

— (^))  <»' 

This  bound  is  a  function  of  the  observation  data  yt-  A 
data  independent  bound  can  be  found  by  taking  an  ex¬ 
pected  value  over  the  observation  data  space.  This  yields 
an  expected  upper  bound  on  the  performance  of  the  sub- 
optimal  approximator.  This  bound  is  small  if  for  each 
term  in  (30),  Tkj  and  are  small,  or  if  a.y  and  \rkj  — 
Tfcj  l  are  both  close  to  zero.  Partitions  were  chosen  to 
keep  the  atij  as  dose  to  zero  as  possible.  This  analysis  ex¬ 
tends  to  GPBn  and  a  wide  variety  of  other  multiple  model 
algorithms  that  involve  hypothesis  merging  and  priming, 
induding  the  IMM  algorithm. 

6.  Examples 

In  this  section,  we  compute  the  expected  value  of  the  up¬ 
per  bound  of  the  Li  distance  (30)  by  performing  Monte 
Carlo  simulations.  We  average  over  all  possible  maneu¬ 
vers.  To  use  these  results  in  ATR,  this  expected  L\  bound 
should  be  computed  for  each  possible  aircraft. 

Four  scalar  linear  discrete  time  examples  were  chosen 
to  illustrate  the  effect  of  system  parameters  on  approxi¬ 
mating  the  density  of  y*  using  the  GPBl  algorithm. 

ifc+i  =  axk  +  ufc  -I-  in*  E[wkWj]  =  O.Ol^jc; 

yk  =  cxk  +  vk  E[vkvj]  =  0.04^fcj 
Ufc  €  r  =  (71,72)  E[x^  =  0.1  (31) 


The  initial  probability  of  each  input  state  was  0.5.  Sy^cem 
parameters  take  on  values  as  indicated  in  the  table  below. 


a 

c 

71 

72  I 

A,  1 

I  A2 

0.9 

0.5 

0.5 

-0.5 

0.95 

0.05 

0.3 

0.5 

0.5 

-0.5 

0.95 

0.05 

0.9 

0.5 

0.5 

1  -0.5 

0.75 

0.25 

0.9 

0.5 

1.0 

-1.0 

0.95 

0.05 

In  each  case,  60  Monte  Carlo  simulations  were  run  for 
each  of  1024  possible  maneuvers  (h  <  10).  The  averaged 
Li  bound  was  weighted  with  the  maneuver  probability  (7) 
to  compute  the  expected  bound  for  each  system.  Results 
are  shown  in  Figure  1. 


Figure  1:  L\  Bound  for  GPBl  Algorithm 

Case  1  is  considered  the  baseline  case.  In  case  2,  the 
constant  a  was  reduced  from  0.9  to  0.3  while  keeping  the 
other  system  parameters  constant.  The  increase  in  per¬ 
formance  is  due  to  the  system  forgetting  the  past  more 
quickly  than  the  baseline  case.  In  case  3,  the  probability 
of  remaining  in  the  same  input  state  was  reduced  from 
0.95  to  0.75.  The  decrease  in  performance  follows  from 
the  increased  uncertainty  in  the  system.  In  case  4,  the 
magmtude  of  the  input  state  was  increased  from  0.5  to 
1.0.  Since  the  variance  of  the  excitation  noises  remained 
constant  and  the  means  were  spread  further,  the  increase 
in  performance  was  expected. 

It  is  generally  assumed  and  we  believe  that  increas¬ 
ing  the  order  of  the  GPB  algorithms  leads  to  increased 
performance.  The  increase  in  performance  for  increasing 
GPB  order  depends  on  system  parameters.  For  fixed  or¬ 
der  GPB  algorithms,  increasing  the  magnitude  of  system 
eigenvalues  leads  to  decreasing  performance;  also  increas¬ 
ing  the  switching  rate  decreases  performance.  Obviously, 
increasing  noise  variance  decreases  performance.  Quan¬ 
tification  of  the  increase  in  the  expected  performance  from 
GPBn  to  GPBn  1  is  an  ongoing  research  activity. 

7.  Conclusions 

In  this  paper,  we  have  developed  an  ATR  methodology 
that  uses  prior  information  on  kinematics  as  a  discrimi¬ 
nator  between  target  classes.  It  was  shown  that  computa¬ 
tion  of  the  likelihood  of  target  class  is  an  intractable  com¬ 
putation.  GPB  algorithms  were  suggested  for  computing 
suboptimal  approximations  for  conditional  output  prob¬ 
ability  density  functions.  ATR  performance  is  directly 
related  to  the  accuracy  of  the  suboptimal  approximation 
and  a  bound  on  the  accuracy  of  this  approximation  was 
derived  for  a  discrete  time  linear  system.  Further  study 
includes  extending  these  results  to  systems  modeled  by 
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aircraft  equations  of  motion,  and  quantifying  increase  in 
performance  for  increasing  complexity  of  the  suboptimal 
approximation . 
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An  algorithm  for  range  profile  prediction  in  radar  target  recognition  is  presented. 
Radar  data  are  assumed  to  come  from  two  sensors:  a  tracking  radar  and  a  high 
resolution  radar.  The  tracking  radar  is  used  to  estimate  actual  target  position  and 
orientation.  The  high  resolution  radar  collects  information  in  the  form  of  a  sequence 
of  measured  range  profiles.  Simulated  range  profiles  are  generated  based  on  the  esti¬ 
mated  target  position  and  orientation  from  the  tcirget  tracker  and  target  templates. 
The  target  template  is  a  facet  model  for  the  surface;  the  facets  are  assumed  to  be 
electromagnetically  noninteracting.  These  simulated  profiles  are  compared  with  the 
measured  ones  and  the  target  type  is  estimated.  The  proposed  algorithm  for  range 
profile  prediction  is  divided  into  two  pcirts:  generating  an  illumination  mask  of  the 
target  and  computing  the  reflectivity.  Realizations  for  both  tasks  are  discussed  in 
detail. 
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Range  Profile  Prediction  in  Radar 
Target  Recognition 


1.  Introduction 


Automatic  target  recognition  (ATR)  is  the  computer  processing  of  data  from  optical, 
radar,  infrared,  or  other  imaging  sensors  for  classifying  a  sensed  object.  An  ATR  sys¬ 
tem  effectively  removes  man  from  the  process  of  target  acquisition  and  recognition. 
Basically,  an  ATR  system  performs  automatic  target  acquisition,  identification,  and 
tracking  by  processing  a  sequence  of  data.  The  algorithmic  components  of  an  gen¬ 
eral  ATR  system  can  be  decomposed  into  preprocessing,  detection,  segmentation, 
feature  computation,  selection  and  classification,  prioritization,  and  tracking  [1]. 

Cohen  [2]  worked  on  the  problem  of  ultra-high  range  resolution  radar  profiles 
for  target  recognition.  His  main  concern  is  the  extreme  variability  of  the  target 
which  associates  an  inordinate  amounts  of  data  for  training  and  memory  for  imple¬ 
mentation.  Smith  and  Goggans  [3]  also  worked  on  the  radar  target  identification 
problem.  In  their  paper,  they  give  the  theory  of  radar  target  identification  and  some 
simple  applications.  However,  both  cases  above  need  a  complete  set  of  signatures 
of  all  potential  targets  to  be  available  in  the  target  library.  Smith  and  Goggans 
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mentioned  in  their  work  that  at  least  10®  signatures  per  target  will  be  necessary  to 
allow  for  all  possible  orientations  of  a  target.  The  ATR  algorithm  proposed  in  this 
thesis  requires  only  one  three  dimensional  template  for  every  target  which  saves  a 
tremendous  amount  of  memory  space. 

In  this  project,  our  main  concern  is  noncooperative  air  targets,  which  are  targets 
that  do  not  participate  (or  cooperate)  in  the  process  of  their  identification.  Some 
properties  of  air  targets  are  integrated  into  the  modeling  process.  The  goal  of 
our  ATR  system  is  to  decide  the  number  of  targets  in  the  scene,  to  classify  the 
targets,  and  to  track  the  targets.  An  algorithm  is  proposed.  The  algorithm  may  be 
categorized  as  identification-by-simulation  (IBS).  IBS  means  that  estimates  of  the 
time-var3dng  target  position  and  orientation  are  used  to  obtain  a  real-time  simulation 
of  the  target  return.  This  simulated  return  is  compared  to  the  actual  return  to 
identify  targets. 

The  general  approach  of  the  project  is  shown  in  Fig.  1.1.  It  is  assumed  that  the 
targets  are  rigid  body  objects,  and  can  be  represented  by  templates.  The  templates 
consist  of  surface  descriptions  of  the  targets  of  interest.  It  is  also  assumed  that  the 
surface  of  a  target  is  partitioned  into  patches.  For  example,  the  templates  used  in 
this  project  contain  the  comer  positions  and  outward  norm2ils  of  the  polygons  in 
the  facet  representation  of  the  target  surface.  These  patches  are  electromagnetically 
large,  but  physically  small.  For  example,  the  carrier  frequency  of  the  signal  used  in 
the  project  is  3  GHz.  The  wavelength  A  equals 


A  = 


c 

7 


3  X  10®m/s 

- —  =  10 

3  X  WHz 


cm. 


(1.1) 
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The  airplane  we  used  in  the  simulation  is  10  meters  long,  and  has  approximately 
500  patches.  Hence  each  patch  is  approximately  1  meter  long  which  extends  about 
10  wavelengths.  This  is  why  we  say  that  a  patch  is  physically  small  (~  1  m)  ^lnd 
electromagnetically  large  (covers  ~  10  wavelengths).  Electromagnetic  interactions 
between  the  patches  are  not  accommodated,  which  is  a  limitation.  However,  the 
templates  do  account  for  the  distributed  nature  of  the  targets. 

From  Fig.  1.1,  we  see  that  data  come  from  two  sensors:  a  high  range  resolution 
radar  denoted  as  “HRR”  and  a  tracking  radar  denoted  as  “Tracking” .  The  tracking 
radar  collects  information  over  time  on  the  target  dynamics.  The  purpose  of  using  it 
is  to  get  estimated  target  orientation,  location,  and  bulk  velocity.  Then  the  estimates 
axe  applied  to  the  template  of  the  target  stored  in  the  3-D  memory.  Radar  reflections 
are  then  synthesized,  and  the  result  is  a  simulation  of  the  target  return.  Data 
received  from  the  high  resolution  radar  axe  sent  to  a  stretch  processor.  Define  the 
true  range  profile  as  the  reflectivity  of  a  real  target  as  a  function  of  two-way  delay.  It 
is  a  physical  property  of  the  target  and  it  is  parameterized  by  target  orientation  and 
position.  Define  the  predicted  range  profile  as  the  range  profile  which  is  generated 
using  our  system.  In  Fig.  1.1,  it  is  the  output  of  the  3-D  memory.  Define  the  true 
HRR  signature  as  the  signal  part  of  the  output  of  the  stretch  processor.  Define  the 
predicted  HRR  signature  as  the  output  of  the  filter  whose  impulse  response  is  shown 
as  h{t)  in  Fig.  1.1. 

This  thesis  describes  a  method  of  taking  the  template  of  a  target  as  input, 
generating  an  illumination  mask,  and  computing  the  range  profiles.  An  illumination 
mask  is  a  collection  of  patches  that  are  not  shadowed  by  other  patches  that  are  in 
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T/R 

Tracking 


front  of  them  along  the  radax  line-of-sight.  In  another  words,  an  illumination  mask  is 
a  collection  of  patches  that  are  directly  illuminated  by  the  transmitted  signal.  Many 
details  need  to  be  taken  into  account  for  projecting  a  three  dimensional  object  onto 
a  two  dimensional  grid  and  separating  the  patches  that  contribute  to  the  returns 
from  the  ones  that  do  not.  A  solution  is  discussed  in  Chapter  3.  Several  difficult 
issues  in  simulating  the  range  profiles  are  addressed.  The  first  issue  is  how  to  model 
the  reflectivity  of  a  patch.  The  second  issue  is  how  to  deal  with  quadrilateral  patches 
that  are  not  coplanar.  The  third  issue  is  how  to  model  the  amplitude  of  the  reflected 
signal  from  the  cross  sections  of  the  patches.  These  problems  will  also  be  explained 

in  Chapter  3. 

In  order  to  predict  the  target  type,  the  likelihood  function  of  the  received  data 
given  the  target  type  is  computed.  The  discrimination  between  the  targets  is  made 
in  the  sense  of  maximizing  the  likelihood  function.  In  our  case,  since  the  noise  is 
white,  maximizing  the  likelihood  is  equivalent  to  minimizing  the  mean  square  error 
between  the  predicted  HRR  signature  and  the  true  HRR  signature  with  additive 
white  Gaussian  noise. 


1.1  Rome  Lab  Radar-Systems  facility 

The  radar  frequency-spectrum  is  divided  into  various  bands.  Each  band  has  its  own 
designation  and  usage.  Rome  Laboratory  has  three  ground-based  radar  systems: 
L-Band,  S-Band,  and  C-Band  radar. 

The  L-Band  rewlar: 

use:  trax:king  radar 

carrier  frequency:  fc  =  1,265  MHz 
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wavelength: 
bandwidth: 
beamwidth: 
scan  rate: 
pulse  diuration: 
pulse  repetition-rate: 
range  resolution: 


A  =  23.7  cm 
5  =  20  MHZ 

2.5°  in  azimuth  8°  in  elevation 

0-10  rpm 

up  to  600  fJLs 

360  pps 

7.5  m 


The  S-Band  radar: 


use: 


carrier  frequency: 
wavelength: 
bandwidth: 

beamwidth: 
scan  rate: 
pulse  duration: 
pulse  repetition-rate: 
range  resolution 


tracking  radar 

radar  cross-section  identification 
radar  target  recognition 
/c  =  3,350  MHz 
A  =  9  cm 

B  =  2.5  MHz  for  tracking 
B  =  320  MHz  for  target  recognition 
1.2°  in  azimuth  and  elevation 
no  info  is  available 
up  to  600  fis 
up  to  6%  duty  cycle 

ad _  3x10* 

~  2XT;0 


The  C-Band  radar: 


^In  the  normal  range-resolution  mode,  t  =  40  s,  eind  r/3  =  2.5  MHz,  yielding  AR  =  60  m, 
where  r  is  the  chirp  pulse  duration,  and  ^  is  the  chirp  pulse  slope.  In  the  ultra-high  bandwidth 
mode,  r/?  =  320  MHz,  yielding  AR  =  0.88  m. 
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use:  tracking  radar 

carrier  frequency:  fc  =  5,650  -  5,900  MHz 

wavelength:  A  =  5.1  -  5.3  cm 

bandwidth:  H  =  10  MHZ 

beamwidth:  1°  in  azimuth  2®  in  elevation 

In  this  project,  we  assume  that  the  S-Band  radar  is  used  in  the  radar  target 
recognition  model. 

1.2  Organization 

The  organization  of  the  thesis  is  as  follows.  Chapter  2  gives  some  mathematical 
background.  Chapter  3  describes  the  development  of  range  profiles  using  the  shape 
model.  Chapter  4  addresses  some  issues  in  the  algorithm.  Chapter  5  presents  the 
results.  Chapter  6  summarizes  the  work  and  programs  are  listed  in  the  appendix. 

The  contribution  of  this  thesis  is  an  algorithm  to  generate  the  range  profile  of 
a  noncooperative  target.  It  plays  an  important  role  in  the  whole  project  because 
the  goal  of  the  project  is  to  estimate  the  target  type  of  an  object.  The  maximum 
likelihood  method  is  used  to  determine  the  estimate.  In  order  to  compute  the 
likelihood  of  the  received  data  given  target  type,  the  range  profile  is  a  key  part.  It 
is  important  also  because  the  rettrmed  signal  is  not  available  to  us  right  now.  In 
order  to  simulate  the  returned  signal,  the  range  profile  is  necessary. 
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2.  Mathematical  Background 


"Matched  filter"  is  a  frequently  used  term  in  radar  signal  analysis.  A  filter  matched 
to  a  given  signal  is  an  optimal  filter  for  reception  of  that  signal  in  additive  white 
Gaussian  noise.  The  filter  is  optimum  in  several  senses  including  maYiTniCTiig  the 
output  signal  to  noise  ratio  and  finding  the  maximum  likelihood  of  the  received  data 
given  some  parameters  [4]  [5]. 

The  motivation  to  use  the  matched  filter  in  this  project  is  mainly  the  likelihood 
ratio  criterion.  The  received  signal,  r(t),  has  the  form 

r{t)  =  s(t,  A)  +  u;(t),  0  <  i  <  T, 

where  s{t,A)  is  the  signal  part,  and  is  parameterized  by  A;  w{t)  is  white  Gaussian 
noise  with  intensity  Nq,  A  is  the  parameter  to  be  estimated.  The  null  received  signal 
is  white  Gaussian  noise  with  intensity  Nq.  The  observation  r(t)  is  a  time-continuous 
random  waveform.  The  log  likelihood  ratio  of  the  received  signal  [5]  is 

/[r(f),A]  =  ^  jT  r(t)s{t,A)dt-^J^  s^{t,A)dt.  (2.1) 

If  the  signals  are  complex,  then 

/[r(i).  A]  =  j^Re{J^[2r{t)  -  s{t,  A)]s*(t,  A)dt}.  (2.2) 
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For  an  estiina,tion  problem,  tbe  optimal  estima.te  of  A  is  tbe  value  tba.t  maximizes 
(2.1)  or  (2.2).  Note  that  the  first  part  of  (2.1)  or  (2.2)  is  the  received  signal  r(t) 
correlated  with  a  copy  of  its  signal  part.  The  matched  filter  is  an  implementation 
of  this  for  each  choice  of  A. 

The  characteristic  of  matched  filter  can  be  designated  by  either  a  time  response 
function 

k(t)  =  s*(-t),  (2.3) 

or  a  frequency  response  function 

H{w)  =  5*(uj),  (2.4) 

where  s{t)  is  the  signal  part  of  the  input  signal  to  the  filter,  S*{w)  is  the  Fourier 
transform  of 

In  this  project,  the  high  resolution  radax(HRR)  is  assumed  to  transmit  a  sequence 
of  chirp  pulses,  one  of  which  is 

SH{t)  =  explj2T{fot  +  HV2)],  0  <  t  <  T,  (2.5) 

where  T  is  the  signal  duration,  in  seconds,  and  kT  is  the  chirp  bandwidth,  in  hertz. 
The  subscript  H  denotes  HRR.  The  received  signal  equals 

/OO  ,  ..V 

SH{t  -  T)b{t  -  t/2,  T)dT  +  w{t),  (2.6) 

-OO 

where  w  is  complex  white  Gaussian  noise  with  intensity  No,  and  b{t,T)  is  the  total 
reflectivity  density  of  the  target  at  two-way  delay  r  at  time  t.  That  is  6(t,  r)  equals 


C-17  /  C-18 


the  integral  of  the  reflectivity  density  on  the  surface  of  the  target  of  points  at  two-way 
delay  t,  at  time  t.  It  is  imderstood  that  only  the  patches  that  are  directly  illuminated 
by  the  transmitted  signal  contribute  to  the  range  profile.  This  is  accommodated  in 

6(i,r). 

Assume  that  the  target  does  not  rotate  significantly  during  an  illumination,  then 
the  range  profile  for  a  ptilse  at  time  T'  equals  b{t  —  r (2,  t)  «,  br'iT),  for  t  in  the 
neighborhood  of  T'.  The  generation  of  the  range  profiles  is  discussed  in  the  next 
chapter.  Substituting  this  into  (2.6),  the  received  signal  from  HRR  can  be  modeled 
as 

r(t)  =  f  SH{t  —  T)bT>{r)dT  +  w{t).  (2.7) 

J—OO 

Typically  a  sequence  of  such  waveforms  is  obtained.  Suppose  the  transmitted  signal 
is 

X;5H(t-mr').  (2-8) 

m 

The  received  signal  from  HRR  is 

^m(0  =  /  —  r)bmT'{T)dr  +  t«m(<)  (2-9) 

J—OO 

=  SH{i)  *  +  Wmit),  (2.10) 

where  bmT'{T)  is  the  corresponding  range  profile,  and  ♦  denotes  convolution. 

The  filter  used  in  the  project  almost  performs  the  matched  filter-processing.  It 
is  not  exact  because  the  filter  convolves  the  received  signal  with  the  output  of  a 
local  oscillator, 

exp[j2'K{fot  —  fci^/2)],  (2-11) 
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which  is  the  complex  conjugate  of  the  transmitted  chirp,  over  a  time  period,  T, 
much  larger  than  the  pulse  duration  T.  T  is  the  time  duration  of  the  chirp  used  for 
the  filter.  This  type  of  “matched”  filter  is  also  called  a  “stretch  processor”.  K  f 
were  equal  to  T,  then  the  filter  would  be  the  matched  filter,  and  the  output  of  the 
filter  would  be  a  sufficient  statistic  of  the  likelihood  function  of  the  received  data. 
Ideally,  one  would  implement  a  matched  filter  instead  of  the  stretch  processor.  The 
stretch  processor  is  used  because  at  Rome  Laboratory  it  is  a  part  of  the  existing 
facilities.  This  algorithm  is  designed  for  Rome  Laboratory  and  eventually  will  be 
used  th^e;  we  are  not  assuming  hardware  modification  is  possible. 

The  output  of  the  stretch  processor  is  determined  by  two  terms:  a  signal  term, 
namely  the  true  HRR  signature,  and  a  noise  term.  The  signal  part  equals  the 
convolution  of  the  first  term  from  (2.10)  with  the  chirp  (2.11).  Because  of  the 
associative  and  commutative  properties  of  the  convolution, 

{sH{t)  *  bjnT'{t))  *  exp\j2ir{fot  -  kf/2)] 

=  *  {sH{t)  *  exp[j27r{fot  -  kt^/2)]). 

Substituting  (2.5)  for  and  defining  sinc{x)  =  sin{Trx)  f  {irx),  we  have 


h{t)  =  SH{t)  *  exp[j2T{fot  -  ki^ /2)]  (2.12) 

=  [  exp[j2x{foT  +  kr^ /2)]exp[-j27r{fo{T  -t)  +  k{T  -  /2)]dT{2.1Z) 

JO 

T 

=  exp[j2ir{fo  -  kt^/2)]  jf  exp[j2KktT]dT  (2-14) 

=  -:-~gexp[j27r{fot  -  kt^ /2)][exp{j2TrkTt)  -  1]  (2.15) 

=  exp[j2Tr{fot  -  k{f  —  Tt)l2)]sinc{kTt).  (2.16) 
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The  noise  paxt  equals  the  convolution  of  the  noise  term  Wm{t)  from  received  signal 
with  the  chirp  in  (2.11).  If  the  Wm(t)  is  assumed  to  be  white,  then  the  resulting 
noise  is  approximately  white.  It  is  approximately  white  because  the  Fourier 

transform  of  a  chirp  is  a  chirp  which  has  magnitude  1,  and  the  chirp  we  used  has  a 
relatively  large  bandwidth.  If  the  bandwidth  of  the  chirp  is  infinite,  then  Wmit)  is 
white. 

Combining  the  two  parts,  the  output  of  the  stretch  processor  from  the 
transmitted  signal  is 

dmT>{t)  =  f  h{t-  T)bmT'iT)dT  +  w{t).  (2.17) 

•/— >00 

This  motivates  us  to  compute  the  log  likelihood  function  of  the  stretch  processor 
output  given  the  range  profile.  Given  the  range  profile,  the  computation  required  is 

im  =  -  T)bmT’{T)dT  lljT  h{t  —  T)bmT’{T)dTYdt}, 

(2.18) 

Then  the  next  question  is  what  to  do  with  this  log  likelihood  function.  The  final 
goal  is  to  compute  the  likelihood  of  a  given  set  of  data  for  different  target  types.  It  is 
determined  by  the  prior  on  the  orientations  and  positions,  the  tacking  data,  and  the 
model  for  the  reflectivity  density,  6r'(t).  Let  y,  denote  the  received  tracking  data 
with  the  argument  t  suppressed,  b  denote  bx'it)  with  the  arguments  suppressed,  and 
i  denote  the  target  type,  assuming  the  data  y,  and  6  are  conditionally  independent 
given  the  position  and  orientation  of  the  t^^rget,  x,  a  joint  likelihood  is 

L{d,  b,  y,|x,  i)  =  X(d|6)i(6|x,  0L(ya|x,  i).  (2.19) 
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Incorporating  the  likelihood  on  x  and  a  prior  on  i, 


L{d,  6,  Vs,  X,  i)  =  L{d\b)L{h\x,  i)L{ys\x,  i)L{x\i)Pi.  (2.20) 

The  computations  required  for  the  first  factor,  L{d\b),  are  shown  in  (2.18).  For  the 
second  factor,  L{b\x,  i),  the  model  for  6(t)  given  target  type  and  target  position  and 
orientation  will  be  described  in  next  chapter.  Once  a  model  is  derived,  computing 
the  likelihood  function  is  straightforward.  The  likelihood  on  x  given  target  type  i 
and  tracking  data  given  target  type  i  and  its  orientation  x  and  axe  determined  by 
the  dynamics  of  the  target  type  and  axe  governed  by  nonlinear  differential  equations. 
Pi  is  the  prior  on  the  target  type,  and  =  !•  N.  Cutaia  [6]  has  been  working 
on  modeling  the  target  dynamics,  and  A.  Srivastava  [7]  has  been  working  on  target 
tracking.  Note  that  in  (2.20),  b  and  y,  axe  observed  data;  i  is  the  parameter  to  be 
estimated.  The  functions  b  and  x  axe  parameters  that,  if  known,  would  improve  the 
performance  of  the  identification  algorithm.  The  idea  is  that  if  the  likelihoods  axe 
fairly  peaked,  the  actual  functions  axe  in  the  neighborhood  of  the  MAP  estimates 
for  them.  Thus,  the  MAP  estimates  are  used  for  these  functions.  A  proposed  target 
identification  algorithm  has  the  form 

^MAP  =  aiigraaxL{d,y3,bMAp{y3,d\xMAP,i),^MAPiys,d\i),i).  (2.21) 
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3.  Development  of  Target  Description  and 

Range  Profiles 


In  this  chapter,  we  emphasize  the  generation  of  the  illumination  mask  and  the  range 
profiles  of  a  target.  First,  different  coordinate  systems  and  their  relationship  axe 
introduced.  Second,  an  algorithm  for  generating  the  illumination  mask  of  a  target 
is  proposed.  Third,  a  model  for  the  reflectivity  of  a  target  is  presented.  Last,  an 
implementation  of  the  model  is  discussed. 


3.1  The  Coordinate  Systems 

To  describe  the  orientation  of  an  object  in  space,  the  coordinate  system  that  is  used 
needs  to  be  specified.  In  our  project,  there  2ure  two  types  of  coordinates  involved:  a 
body-centered  frame  and  an  inerticd-reference  frame. 

As  the  name  suggests,  a  body-centered  frame  is  a  coordinate  system  whose  origin 
is  placed  at  the  center  of  mass  of  the  rigid  body.  As  the  meiin  concern  of  this  project 
is  air  targets,  the  conventional  aircraft  definition  of  a  body-centered  coordinate 
system  is  used.  Define  Xb,Yb,  and  Zb  to  be  the  three  axes,  where  Xb  points  from 
the  origin  to  the  nose  of  the  aircraft;  Yb  points  from  the  origin  to  the  right  wing  of 
the  aircraft;  and  Zb  points  down.  They  are  shown  geometrically  in  Fig.  3.1. 

An  inertial-reference  frame  contains  axes  which  axe  not  accelerating  or  rotating. 
In  the  project,  the  origin  of  this  coordinate  system  is  located  at  the  radar.  Let 
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Figure  3.1:  Body-centered  and  inertial-reference  coordinate  system. 

Xi,Yr,  and  Zi  be  the  axes  defined  as  the  usual  right-hand  coordinates  in  three 
dimensions,  with  the  Xj  axis  pointing  in  the  direction  of  the  transmitted  signal. 

The  two  coordinate  systems  are  related  by  a  rotation  matrix  and  a  translation 
vector.  Suppose  we  know  that  there  is  a  target  positioned  at  (aj,  6/,  c/)  in  the  inertial 
coordinates  and  a  unit  vector  along  the  line-of-sight  from  the  radar  to  the  target 
has  angles  (^,  0,  <f>)  with  respect  to  the  Xi,Yi,Zi  axes.  In  our  three  dimensioned 
memory,  the  template  of  the  target  is  given  in  the  body-centered  frame.  How  do 
we  simulate  the  target  using  the  given  template?  The  idea  is  to  rotate  the  template 
and  then  translate  it  to  the  proper  position.  First  we  wiU  define  some  terminology. 
Let  X  denote  North;  Y  denote  East;  Z  denote  the  direction  towards  earth  center. 
Let  X  denote  forward;  y  denote  right;  and  z  denote  down  in  the  body  centered  frame 
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looking  towaxds  the  plane  nose.  Then,  roil  is  an  angle  in  the  yz  plane  (right  and 
down).  It  is  measured  from  the  intersection  of  horizontal  and  yz  plane  to  y,  positive 
clockwise  looking  in  x  direction.  Pitch  is  the  angle  measured  from  the  XY  plane 
to  the  X  axis,  positive  when  x  is  elevated  above  the  horizontal  plane.  Sometimes  it 
is  also  called  head-up  attitude.  Yaw  is  an  angle  in  the  XY  plane.  It  is  measured 
from  X  to  the  projection  of  x,  positive  clockwise  looking  in  Z  direction.  Then  the 
sequence  of  the  transformations  should  be 

First,  rotate  the  templates  ip  (yaw)  about  the  z  axis 
Second,  rotate  the  templates  6  (pitch)  about  the  y  axis 
Third,  rotate  the  templates  <p  (roll)  about  the  x  axis 
Fourth,  shift  the  templates  to  (aj,  6/,  c/) 

Mathematically,  combining  the  first  three  steps,  we  have  the  total  rotation  matrix 


10  0  COS0  0  —sind  cosip  sinip  0 

R(0, 6,ip)=  0  cos<p  sin<p  0  1  0  -sinip  cosip  0 

0  —sin<p  cos<p  sin6  0  cos9  0  0  1 

cosOcosip  sind>sin6cosip  —  cos(psinip  cos<psin6 cosip  +  sincpsinip 
=  cos9sinip  sin<psin9sinip  +  cos^cosip  cos<psin9sin'^  —  sinpcosip 
—sin9  sin<pcos9  cos<pcos9 


(3.1) 


.  (3.2) 


The  total  transformation  is 


Xf  =  R(<^,  9,  ip)zcb  +  (a,  b,  cf. 


(3.3) 
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3.2  Illumination  Mask 

If  the  surface  of  a  target  can  be  paxtitioned  into  patches,  the  illumination  mask  is 
a  collection  of  patches  that  are  directly  illunoinated  by  the  transmitted  signal.  To 
generate  a  illumination  mask,  the  patches  that  are  shaded  by  the  ones  in  front  of 
them  need  to  be  separated  from  the  ones  that  are  not.  How  do  we  discriminate 
between  the  patches? 


Y 


Figure  3.2:  Simplified  shading.  If  an  eye  is  placed  at  the  -oo  of  the  X-axis  looking 
into  the  positive  X-direction,  then  what  observer  can  see  is  the  top  of  the  patch  A 
and  patch  B.  The  shadowed  part  of  patch  A  is  shaded  because  of  patch  B. 

First,  a  simplified  problem  is  presented.  Assume  there  are  two  plates,  A  and 
B,  placed  in  the  tj^ical  Cartesian  coordinate  system  as  shown  in  Fig.  3.2.  Plate 
A  and  B  are  placed  in  such  a  way  that  they  are  parallel  to  each  other  and  the  YZ 
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plane.  The  vertices  of  plate  A  are  (5,  0,  Zb),  (5,  10,  Zb),  (5,  10,  zt),  and  (5,  0, 
Zf).  The  vertices  of  plate  B  are  (2,  0,  2),  (2,  10,  2),  (2,  10,  7),  and  (2,  0,  7).  The 
observing  point  is  at  the  origin  and  looking  in  the  X  direction.  Also,  an  orthographic 
projection  is  assumed.  The  illumination  mask  M  of  this  simple  case  depends  on  the 
values  of  Zb  and  z*.  There  are  six  possibilities: 

easel  :  Zb  <  Zt  <2 

case2  :  Zb  <2  and  2  <  Zj  <  7 

caseS  :  2  <  zj  <  7  and  2  <  zt  ^  7 

case4  :  2  <  zj  <  7  and  Zj  >  7 

caseS  :  1  <  Zb<Zt 

case6  :  2  <  z^  and  1  <  zt 

The  conclusion  we  should  get  out  from  this  example  is  that  a  illumination  mask  is 
parameterized  by  the  x  values,  and  the  minimum  and  the  maximum  z  value  at  a 
specific  X.  And  when  the  problem  gets  complicated,  the  mask  probably  will  depend 
on  more  parameters.  In  the  implementation,  a  finked  fist  is  used.  Each  node  of  the 
fist  contains  the  three  parameters,  x,  zmin,  and  zmax.  For  case  2  of  this  example, 
there  will  be  two  nodes  in  the  fist.  The  x  value  for  the  first  node  is  2;  the  minimum 
z  value  is  2;  and  the  maximum  z  value  is  7.  The  x  value  for  the  second  node  is  5; 
the  TriiTiiTnnTn  z  value  is  0;  and  the  maximum  z  value  is  2.  Obviously,  this  finked 
fist  captures  all  the  information  needed  to  define  the  illumination  mask  for  this  two- 
patch  case.  For  case  3,  there  will  be  only  one  node  as  plate  A  is  fully  shaded  by 
plate  B.  And  for  case  6,  there  will  be  three  nodes  in  the  fist.  The  x  value  for  the 
first  node  is  2;  the  minimum  z  value  is  2;  and  the  maximum  z  value  is  7.  The  x 
value  for  the  second  node  is  5;  the  minimum  z  value  is  zj;  and  the  maximum  z  value 
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is  2.  The  x  value  for  the  second  node  is  also  5;  the  minimum  z  value  is  7;  and  the 
maximum  value  is  Zt. 

The  next  step  towards  solving  the  illumination  mask  problem  is  to  generalize  the 
simple  case  above.  There  are  two  major  differences  between  the  general  problem 
and  the  case  above.  The  first  one  is  that  the  x  values  for  the  template  are  continuous 
instead  of  discrete.  The  second  one  is  that  the  template  is  much  more  complicated 
than  the  patches  used  above  in  the  Y  direction.  Temporanily  assume  every  patch  is 
flat.  To  decompose  this  complicated  problem  into  the  simple  problem  above,  we  find 
the  Tna.yimnm  and  minirmim  y  value;  divide  3niiax  -  5miin  into  one  himdred  equal 
sized  bins.  Then  each  patch  is  assigned  to  the  appropriate  bins  according  to  its  y 
values.  Fig.  3.3  shows  an  example.  To  visualize  this  process,  one  can  image  that  a 
columnwise  partitioned  grid  is  pushed  through  the  x  direction  of  the  template.  The 
X  value  of  the  patch  is  determined  by  the  comers  of  the  patch.  Let’s  assume  that 
for  each  bin,  x  values  for  that  part  of  the  patch  £ire  the  same.  This  assumption  is 
released  later.  For  each  patch,  the  minimum  and  maximum  z  values  associated  with 
each  bin  axe  calculated  for  the  corresponding  y  value.  Now,  for  each  bin,  we  have 
a  problem  that  is  similar  to  the  simple  case  above.  The  equations  used  to  calculate 
the  z  values  and  the  x  values  zire 


z  =  corneri.z  + 


{yi  —  corneri.y){corner[i  +  l].z  —  corneri.z) 
corner[i  +  l].y  —  corneri.y 


(3.4) 


X  =  corneri.z  + 


{yi  —  corneri.y){corner\i  +  l].a;  —  corneri.z) 
corner\i  +  l].y  —  corneri.y 


(3.5) 


where,  y,  is  the  middle  value  of  bin  i  in  the  y  direction;  corneri  and  comer[i+l]  axe 
the  adjacent  comers  of  yi  in  the  y  direction. 
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Combining  all  the  bins,  or  the  linked  lists  in  the  implementation  sense,  we  get 
the  illumination  mask  for  the  template. 


Figure  3.3:  Quantization  of  a  patch  in  y  direction. 


3.3  Range  Profile 

In  this  section,  a  model  of  the  reflectivity  for  a  target  is  presented.  An  algorithm 
of  generating  the  range  profiles  based  on  the  model  is  derived.  This  model  is  based 
on  physical  optics  approximations  as  presented  in  the  literatme  [9].  It  is  a  model 
for  the  amplitude  at  the  received  signal  so  it  incorporates  the  phase.  However,  the 
limitation  of  this  model  is  that  the  method  does  not  yield  precise  signatures  but  that 
any  more  accurate  method  can  be  embedded  in  the  ATR  algorithm  in  its  place.  The 
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method  has  an  advantage  of  being  relatively  fast  and  possibly  adequate  for  some 
ATR  situation.  In  the  literature,  Andersh,  et  al.,  [10]  have  been  working  on  a  similar 
problem  of  synthesizing  range  profiles  for  noncooperative  target  identification.  They 
generated  a  large  number  of  high  resolution  range  profiles  of  realistic  targets  using 
XPATCH.  XPATCH  is  a  software  package  that  is  implemented  to  calcxilate  range 
profiles  from  the  facet  tcirget  based  on  the  shooting  and  bouncing  ray  technique. 
Andersh,  et  al.  were  able  to  compare  the  synthesized  range  profiles  with  measured 
data  to  demonstrate  agreement. 

3.3.1  The  Model  for  the  Range  Profile 

We  know  the  refiectivity  of  a  point  target  can  be  modeled  as  a  combination  of  a  real 
part  and  an  imaginary  part.  The  magnitude  corresponds  to  the  physical  properties 
of  the  particular  airplane  such  as  surface  material  and  the  angle  of  the  incident 
signal  with  respect  to  the  normal  vectors.  The  phase  is  due  in  part  to  the  fact  that 
the  bulk  distance  is  not  known  to  within  a  wavelength.  For  a  spatially  extended 
target,  we  integrate  the  reflectivity  of  a  point  target  over  the  extended  region.  Our 
model  approximates  the  integral  by  a  sum.  So  the  reflectivity  has  the  form 

K'^)  =  S S  (3.6) 

ife  t  ^ 

Here 

T  denotes  the  range  position  of  the  target; 

6  is  a  constant; 

gk,i  denotes  the  illumination  mask  of  comer  of  the  patch; 

/(•)  denotes  an  appropriate  function; 
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6k  is  a  random  angle. 

Ak,i  is  the  area  associated  with  comer  of  the  patch. 

One  of  the  diflaculties  with  the  model  is  the  choice  of  the  distribution  for  6k.  At 
one  extreme  it  may  be  uniformly  distributed  from  — x  to  x.  At  the  other  extreme  it 
could  be  determined  completely  by  the  position  in  the  Xj  direction.  In  between  it 
is  the  sum  of  a  constant  angle  determined  by  its  position  and  a  random  component. 

3.3.2  An  Algorithm  Based  on  the  Model 

We  have  talked  about  different  coordinate  systems,  and  how  to  generate  an  illumi¬ 
nation  mask.  We  also  mentioned  that  the  available  parameters  are  the  templates 
stored  in  the  3-D  memory  and  the  estimates  of  orientation  and  position  of  a  target. 
How  do  we  connect  these  building  blocks  to  get  the  range  profile? 

In  the  3-D  memory,  a  template  is  characterized  by  position  vectors  and  direction 
normal  vectors.  The  template  frame  using  (3.3)  and  the  estimated  orientation  and 
position.  Denote  by  templatei  the  template  in  the  inertial  frame.  As  the  patches  in 
the  template  are  quadrilateral  and  the  four  comers  that  define  a  patch  may  not  be 
coplanar,  ecich  patch  is  decomposed  into  four  smaller  parallelograms  associated  with 
each  comer  as  shown  in  Fig.  3.4.  Each  parallelogram  is  assumed  to  be  flat.  The 
normal  vector  associated  with  each  comer  is  assTimed  to  be  perpendicular  to  the 
parallelogram  constmcted  for  that  comer.  Hence,  the  technique  introduced  above 
can  be  applied  to  the  parallelograms  for  generating  the  illumination  mask  of  the 
target. 

From  the  illumination  mask,  each  patch  is  assigned  to  either  1  or  0  to  denote 
whether  it  is  shaded  or  not.  1  means  that  a  patch  is  not  shaded,  and  0  shaded.  1  or 
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Figure  3.4;  A  patch  with  4  normals. 

0  corresponds  to  the  gk,i  in  (3.6).  b  is  assumed  to  be  1  in  (3.6);  it  will  be  assigned 
to  a  more  accurate  value  once  the  physical  details  of  the  target  are  investigated. 

The  /(•)  in  (3.6)  corresponds  to  how  we  model  the  cross  section  of  the  target. 
It  is  defined  by  two  parameters:  the  incident  angle  and  the  area.  The  incident 
angle  is  the  angle  between  the  incident  radar  wave  and  the  normal  vectors.  Let  e  = 
[—10  0]^,  then  the  incident  angle  is  equal  to 


Ck,i  =  cos  ^(e-njt,,-), 


(3.7) 


where  n*,,-  is  the  direction  normal  vector  for  the  comer  of  the  A:*^patch  of 
template!. 

To  compute  the  areas  of  the  regions,  areas  of  the  parallelograms  are  computed. 
A  parallelogram  associated  with  a  comer  of  a  patch  is  constmcted  in  such  a  way 
that  it  is  bounded  by  the  two  vectors  from  the  comer  to  the  adjacent  comers.  The 
area  associated  with  the  comer  is  1/4  of  the  cross  product  of  the  two  vectors.  For 
example,  for  patch  k,  the  four  comers  are  labeled  counter  clockwise  starting  at  the 
lower  left  comer.  For  each  comer,  there  are  two  vectors 

vi  =  x/,ifc,2  -  and  V2  =  Xi,k,2  -  (3.8) 

associated  with  it.  The  parallelogram  associated  with  comer  2  is  defined  by  |vi 
and  |v2.  Hence  the  area  of  the  region  associated  with  comer  2  of  the  patch  is 

^k,2  =  J||vi  X  V2II,  (3.9) 


where 

X  denotes  vector  cross-product; 

II  •  II  denotes  Euclidean  norm. 

These  axe  several  choices  for  /(•).  AU  the  choices  have  one  thing  in  common: 
they  specify  relations  between  the  incident  power  to  an  object  and  its  reflecting 
power  at  a  given  observation  angle.  One  choice  of  /(•)  is 

fUk,i,  Ak,i)  =  Ak,i  cos  (k,i-  (3.10) 
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(3.10)  models  a  cosine-squared  energy  dependence  on  the  incidence  angle.  Another 
choice  of  /(•)  is  an  antenna  pattern.  It  has  the  form  of 


Ji(2Tsin(6,,)rfc,,/A) 
27rsin(4,,)rA:,i/A  ’ 


(3.11) 


where  Ji(-)  is  a  Bessel  function  of  the  first  kind,  rk,i  is  found  such  that  Trrf =  Ak,i, 
and  A  is  the  wavelength  of  the  carrier.  This  choice  corresponds  to  the  antenna 
pattern  of  a  circular  aperture  centered  at  the  comer,  with  area  equal  to  the  area  of 
the  parallelogram.  One  implementation  detail  should  be  mentioned.  At  sm(^jt,,)  = 
0,  (3.11)  is  invalid  as  /(•)  =  2  L’Hosptial’s  rule  is  applied  and  the  result  is  1/2. 
/(•)  can  also  be  modeled  as  the  backscattering  radar  cross  section  using  a  physical 
optics  approximation  in  the  ^k,i  direction, 


/(6,«,  ^k,i) 


^k,i  ( 47rrfc,,  sin^fe,,\ 

tan^ifc,,-  [  ^\  A  ) 


(3.12) 


where  A,  and  J i  are  defined  as  the  same  in  (3.11).  The  main  difference  between 
(3.11)  and  (3.12)  is  that  (3.12)  includes  the  two-way  phase  shift  as  shown  by  the 
47r  in  the  Bessel  function  instead  of  in  (3.11).  There  are  many  other  geometric 
shapes  that  can  be  used  here.  For  example,  if  a  thin  plate  with  width  W  and  length 
L  is  used  instead  of  the  circular  disk,  then  /(•)  is 


f  {,Ck,i,T^k,i}  — 


2y/^WL 


cos  ^k,i 


sin{kW  sin^jt.t) 


kWsin^k,i 


(3.13) 


Other  possibilities  of  /(•)  using  backscattering  radar  cross  section  are  discussed  in 
[9].  This  is  one  significant  way  the  processing  done  to  date  could  be  improved. 
The  function  /(•)  could  depend  on  the  patch  in  the  sense  that  the  cross  section 
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of  the  pajaUelograms  could  be  used  to  predict  the  return.  This  would  increase 
computations  correspondingly. 

Above,  we  have  discussed  the  meaning  and  generation  of  every  component  in 
(3.6).  Combining  all  terms  together,  we  get  a  synthesized  range  profile.  Fig.  3.5 
STimmaxizes  the  process. 


Figure  3.5:  An  Algorithm  of  Generating  Range  Profile. 


3.4  More  Processing 

From  Fig.  1.1  and  (2.16),  we  see  that  the  predicted  range  profile  is  convolved  with 
the  product  of  a  sine  function  and  a  chirp  function.  However,  at  the  present  time,  a 
modified  function  is  used  instead  of  the  product.  The  reason  for  using  the  simplified 
version  is  explained  in  the  next  chapter. 
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4.  Issues  to  Be  Addressed 


4.1  The  “sine”  Function 

In  Fig.  1.1,  the  output  of  the  stretch  processor,  is  expressed  in  terms  of  the 
range  profile,  a  sine  function,  a  chirp,  and  the  noise  part.  In  order  to  implement  the 
pattern  matcher,  we  have  to  get  a  closed  form  for  dr'(0-  We  tried  two  approaches: 
emalytically  and  numerically. 

Analytically,  we  attacked  the  problem  using  some  fundamental  properties  from 
system  theory.  In  Chapter  2  we  derived  expressions  for  h{t)  and  dTi{t).  They  have 
the  forms 

h{t)  =  explj2ir{fot  -  k{t^  -  Tt)/2)]sinc{kTt),  (4.1) 

and 

dT'{t)  =  J  'r)hT'{T)dT  +  wit).  (4.2) 

To  simplify  the  analysis,  ignore  the  noise  term  in  (4.2).  The  signal  part  in  (4.2)  is 
the  convolution  of  h{t)  and  a  range  profile.  It  is  understood  that  a  range  profile  is 
a  reflectivity  profile  of  a  target,  and  it  is  a  property  of  the  target  -  reflectivity  as  a 
function  of  2-way  delay.  The  range  profile  is  not  a  function  of  transmitted  signal. 
From  the  system  theory,  it  is  well  known  that  “Convolution  in  the  time  domain 
is  equivalent  to  multiplication  in  the  frequency  domain.”  Therefore,  the  idea  is  to 
take  Fourier  transforms  of  A(t)  and  Let  H{f)  denote  the  Fourier  transform 
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of  h{t),  and  B{f)  denote  the  Fourier  transform  of  is  equivalent  to 

dT.(t)  =  r-HB{f)-H(f)}-  (^-3) 

Using  the  dual  property  stated  above,  “midtiplication  in  the  time  domain  is  equiv¬ 
alent  to  the  convolution  in  the  frequency  domain,”  we  can  express  H(f)  as 


H(f)  =  J^{exp{j2irUot  -  -  n)/2)]}}  .  J^{smc(m)},  (4.4) 

where  *  denotes  convolution.  Let 

q{t)  =  exp[j2Tr{fo  +  kTf2)t  -  j2irHy2]  (4.5) 

=  exp\j2x{ft  —  kt^f2],  (4.6) 

where  J  =  /o  +  kT/2.  Hence,  Q{f)  has  the  form 

Q{f)  =  Hm}  (4-7) 

=  (4.8) 


where  a  is  some  constant,  and  p  —  k  ^ ,  These  equations  can  be  also  found  in  [4] 
eq.  (4.5)  and  eq.  (4.9).  We  know  that  the  Fourier  transform  of  a  sine  function  is  a 
window  and  has  the  form 

-L.  _  ^  <  f  < 

G{f)  =  :F{smc(m)}  =  2  -  -  2  ’ 

0  otherwise. 
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Hence, 


m)  =  rQu-()G{m  (4.9) 

•/— oo 

bexp\j2irp{f  -  ^  -  ff]d(,  (4.10) 

where  b  is  some  constant  which  does  not  depend  on  Note  that  the  integral  in 
(4.10)  is  not  easy  to  solve.  We  tried  various  integration  techniques,  yet  the  result 
was  not  satisfying  because  of  the  accuracy. 

We  then  tried  to  solve  the  integral  using  different  software  packages.  The  best 
cinaong  these  tries  is  the  result  we  got  by  using  Mathematica  package  where  (4.10) 
is  solved  in  term  of  error  function^.  The  solution  for  (4.10)  is 

J-i)*^r/[(-i)*(7-/+ f-V^] 

2^ 

We  also  attempted  to  solve  it  numerically.  To  solve  (4.2),  we  need  to  sample 
h{t)  and  6r'(0  first.  From  the  Sampling  Theorem,  we  know  that  for  a  bandlimited 
signal  X{f),  if  samples  of  x{t)  are  taken  1/2W  apart,  then  x{t)  can  be  completely 
recovered  from  the  samples,  where  W  is  the  bandwidth  of  the  signal  x(t).  How 
fast  should  we  sample  h{t)l  h{t)  is  aissumed  to  be  bandlimited  because  of  the  sine 
function.  Observing  (4.1),  we  see  that  in  frequency  domain,  H{f)  is  the  convolution 
of  a  chirp  function  and  a  window.  Therefore,  the  bandwidth  of  h(t)  is  infinite  and 
there  would  be  an  infinite  number  of  computations  for  dT’{t). 

^In  Mathematica,  error  function  is  defined  as  Erf(z)  =  ^  e~*^dt. 
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At  present  time,  a  simplified  h{t)  is  used  for  (4.2).  Let  h{t)  denote  the  simpUfied 
version  of  h{t),  which  is  the  periodic  version  of  the  s^-shaped  transform  of  a  win¬ 
dow.  Then  the  question  is  how  many  samples  we  should  use  to  digitize  the  periodic 
version  of  the  sine  function.  In  the  algorithm  for  generating  the  range  profiles,  the 
reflectivity  of  a  target  is  digitized  into  256  complex  values.  It  is  zero  padded  to  512 
samples  before  taking  the  Fourier  transform.  Since  the  Fourier  transform  of  h{t)  is 
an  ideal  lowpass  filter  with  height  1,  to  avoid  the  aliasing,  there  should  be  at  least 
512  samples  for  the  filter.  Among  those  samples,  2L-1  are  Is.  Hence,  the  sampled 
version  of  the  pulse  function  of  the  periodic  version  of  the  sine  function  is  [11] 


i/i.\  _  1  1  -jW25r/512 

1  rin(^(L-l/2)) 

-  512  ’ 


(4.11) 

(4.12) 


where  L  is  number  of  samples  on  the  periodic  version  of  the  sine  function.  We  want 
to  solve  for  L.  ^(2L  —  1)  =  1;  if  we  assume  k  =  8,  then  L  «  32.  In  the  simulation, 
32  samples  axe  used  for  the  periodic  version  of  the  sine  function. 


4.2  Validation  of  the  Model 

Validation  of  the  model  has  two  aspects.  The  first  one  is  the  validation  of  the  range 
profile  model.  The  second  aspect  is  the  validation  of  the  template. 

Validating  the  range  profile  model  involves  verifying  that  (3.6)  is  accurate  enough 
to  produce  a  predicted  HRR  signature  so  that  a  correct  discrimination  on  the  target 
type  can  be  made.  Assume  a  perfect  template  is  available  for  this  part  of  the 
validation.  Integrated  squaxe-error  is  used  as  a  measure  of  distance.  A  suggested 
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procedure  is  to  find  the  distance  between  the  predicted  HRR  signature  and  the  true 
HRR  signature  plus  noise.  In  one  extreme,  that  is  the  current  model  is  perfect, 
the  distance  between  the  two  signatures  is  a  Chi-square  distributed  random  variable 
with  2N  degree  of  freedom  if  the  additive  noise  in  the  true  HRR  signature  is  sampled 
to  yield  N  independent  complex  random  variables.  K  the  distance  between  the  two 
signatures  is  very  large,  there  are  two  types  of  change  that  can  be  made.  The  first 
type  is  varying  the  terms  in  (3.6).  A  different  /(■)  can  be  chosen;  a  more  accurate 
model  can  be  used  for  the  random  phase;  instead  of  0  and  1,  the  illumination  mask 
can  take  values  in  a  larger  set  of  numbers.  K  all  these  changes  would  not  make  the 
distance  between  the  signatures  close  enough,  a  second  type  of  change  could  be  used: 
taking  into  account  the  electromagnetic  interaction  between  patches.  This  change 
would  increase  the  computational  complexity  of  the  algorithm  because  solving  some 
maxwell  equations  may  be  required. 

For  vahdating  the  template,  we  assume  that  the  current  model  is  perfect.  The 
objective  here  is  to  adequately  model  the  target  so  that  the  predicted  HRR  signature 
generated  using  (3.6)  is  close  to  the  true  HRR  signature.  Euclidean  distance  is  used 
as  a  measure  of  the  closeness.  The  underlying  assumption  is  that  more  patches  will 
provide  a  better  predicted  HRR  signature.  One  way  of  doing  the  validation  is  to 
find  an  initial  template.  Compute  the  distance  between  the  true  HRR  signature 
with  noise  and  the  predicted  HRR  signature.  K  the  distance  is  not  small  enough  to 
find  the  right  target  type  from  the  rest,  then  we  can  either  increase  the  number  of 
patches  in  the  template  or  we  can  vary  the  location  of  the  patches. 

In  Fig.  4.1,  each  circle,  Ci,  represents  a  set  of  predicted  HRR  signatures  gener¬ 
ated  with  i  patches  that  are  placed  at  different  locations.  A,-  is  a  point  on  the  set  of 
Ci  which  corresponds  to  a  predicted  signature  that  is  closest  to  the  true  signature. 
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Figure  4.1:  Error  between  the  true  HRR  signature  and  predicted  HRR  signature 

Xoo  corresponds  to  a  perfect  template  for  the  current  model.  Let  X  denote  the 
true  HRR  signature.  The  distance  between  X  and  Xo©  is  the  distance  described  in 
validating  the  range  profile  model  case.  The  distance  between  Xoo  and  Xn  is  the 
distance  described  in  the  validating  the  template  case.  The  distance  used  here  is 
the  Euclidean  distance.  Mathematically, 

Coo  =  lim  Cn, 

n— ►oo 

Xi  =  axgmind(X,X'), 

X’^Ci 
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and  the  distance  between  a  point  and  a  set  is 


d{x,Ci)  =  ^<nx,x'). 


By  the  triangle  inequality, 


diX,  Cn)  <  d{X,X^)  +  diX^,  Cn).  (4.13) 

In  (4.13),  the  first  term  on  the  right  hand  side  corresponds  to  the  modeling  error. 
The  second  term  corresponds  to  the  template  error.  And  the  left  hand  side  cor¬ 
responds  to  the  total  error  in  the  algorithm.  From  (4.13),  we  can  conclude  that 
decreases  the  distance  in  either  terms  which  corresponds  to  better  template  and 
better  model  will  yield  a  better  estimation  of  the  target  type. 
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5.  Results 


The  algorithm  introduced  in  Chapter  3  for  generating  the  range  profiles  of  a  target 
using  a  shape  model  having  noninteracting  surface  patches  is  implemented  on  a 
SUN  Sparc  station  IPX.  In  this  chapter,  we  will  first  show  some  resulting  range 
profiles.  Then  we  will  discuss  the  effect  of  using  different  parameters.  A  series  of 
range  profiles  for  the  target  with  various  orientations  is  also  generated. 

5.1  The  Target  and  the  Template 

The  target  used  for  writing  and  testing  our  programs  is  a  facet  model  of  the  fighter 
plane  X-29  provided  with  a  the  Sihcon  Graphics  demonstration.  Fig.  5.1,  Fig.  5.2, 
and  Fig.  5.3  are  the  top  view,  bottom  view,  and  side  view  of  the  X-29,  respectively. 

The  template  we  used  for  the  faceted  model  of  the  X-29  is  stored  as  a  hst  of 
position  vectors  and  directional  normal  vectors.  There  are  a  total  of  573  facets  for 
the  X-29  plane.  The  data  set  of  the  template  is  composed  in  such  a  way  that  the 
directional  normal  vectors  are  followed  by  the  position  vectors.  The  position  vectors 
are  defined  by  the  x,  y,  z  values  of  the  comers  of  the  facets.  The  directional  normal 
vectors  are  defined  by  the  unit  normal  vectors  located  at  the  comers  of  the  facets 
emd  perpendicular  to  the  corresponding  areas.  The  data  set  begins  with  the  total 
number  of  facets  for  the  target.  Then  it  is  followed  by  3  •  2  •  4  •  (number  of  facets) 
real  numbers,  where  3  •  2  comesponds  to  the  position  vector  and  the  directional 
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Figure  5.1:  A  faceted  model  of  X-29  with  573  patches  displayed  on  a  Silicon  Graphics 
machine,  top  view. 

normal  vector,  4  corresponds  to  the  4  comers  of  the  quadrilateral.  All  the  data 
are  stored  in  the  binary  form.  For  example,  after  converting  from  binary  form  to 
decimal  form,  a  data  set  may  have  the  form  of 

573 

unit  normal  vector  x  of  patch  1  comer  1 
unit  normal  vector  y  of  patch  1  corner  1 
unit  normal  vector  z  of  patch  1  corner  1 
position  vector  x  of  patch  1  corner  1 
position  vector  y  of  patch  1  corner  1 
position  vector  z  of  patch  1  corner  1 
unit  normal  vector  x  of  patch  1  corner  2 
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Figure  5.2:  A  faceted  model  of  X-29  with  573  patches  displayed  on  a  Silicon  Graphics 
machine,  bottom  view. 


unit  normal  vector  x  of  patch  573  comer  4 
unit  normal  vector  y  of  patch  573  comer  4 
unit  normal  vector  z  of  patch  573  corner  4 
position  vector  x  of  patch  573  comer  4 
position  vector  y  of  patch  573  comer  4 
position  vector  z  of  patch  573  comer  4 


Figure  5.3:  A  faceted  model  of  X-29  with  573  patches  displayed  on  a  Silicon  Graphics 
machine,  side  view. 

5.2  Implementation  and  the  Results 

In  this  section,  we  will  give  a  general  description  about  how  we  implement  the 
algorithm  and  show  a  list  of  range  profiles.  Along  the  way,  the  data  structure  we 
used  vdll  be  also  introduced. 
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The  implementation  of  the  algorithm  is  divided  into  two  major  parts:  making 
the  illumination  mask  and  generating  the  range  profile.  The  illumination  meisk  hcis 
the  hash  table  data  structure  as  shown  in  Fig.  5.4. 


Figure  5.4:  Hashing  data  organization  for  the  shading  mask.  The  main  structure  is 
an  array.  Each  entry  of  the  array  is  a  structured  component  containing  two  fields: 
a  real  nximber  and  a  pointer  points  to  a  linked  list.  The  linked  list  has  dynamic 
storage  space. 

Each  element  of  the  table  has  the  structure  of 

typedef  struct  { 

float  y; 

stptr  b; 

}  msk; 
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where  stptr  is  a  dynamically  sized  linked  list.  Each  node  of  the  list  has  the  structure 


typedef  struct  strip  { 
float  x; 

float  zmin,  zmax; 
struct  strip  *next; 

}  binptr; 

The  range  profile  has  a  simpler  data  structure  which  is  only  an  array  of  complex 
numbers. 

The  data  set  of  the  X-29  template  is  read  into  an  array  of  real  numbers  called 
pdata.  The  minimum  and  maximum  x  values  of  the  original  data  set  axe  found.  The 
template  is  then  scaled  up  proportionally  in  x,  y,  z  such  that  the  fuselage  length 
of  the  plane  is  10  meters.  Then  the  illumination  mask  and  the  range  profile  axe 
computed  according  to  the  algorithms  described  in  Chapter  3.  Below,  we  will  show 
several  groups  of  range  profiles  that  are  generated  using  different  parameters.  For 
all  the  groups,  the  range  profiles  axe  calculated  according  to  (3.6).  The  displayed 
xange  profiles  axe  the  results  from  convolving  the  range  profiles  from  (3.6)  with  the 
modified  sine  function  whose  impulse  response  is  given  as  (4.12)  in  Chapter  4. 

Fig.  5.5  is  a  range  profile  for  the  X-29  plane.  It  is  generated  by  letting  b  in  (3.6) 
equal  1.  There  is  only  one  uniform  random  phase  for  all  patches,  and  (3.11)  is  used 
for  /(•).  Fig.  5.5  is  the  range  profile  of  the  plane  in  the  tail  aspect.  We  see  that  the 
tail  wing  and  the  tail  provide  large  returns  which  is  shown  as  the  first  peak.  The 
second  peak  is  from  the  back  wings.  The  cockpit  effect  results  the  third  peak.  We 
also  tested  the  program  using  different  orientations.  Andersh,  et.  al.  [10]  compared 
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Range  Profile:  Along  Fuselage 


Figure  5.5:  Range  profiles  of  X-29.  Tail  Aspect 

their  synthesized  range  profile  with  measured  data  to  demonstrate  the  accuracy  of 
the  prediction.  However,  for  pur  algorithm,  currently  there  is  no  measured  data 
available  for  us  to  verify  the  synthesized  range  profile. 

In  the  implementation,  there  cire  some  parameters  that  must  be  chosen.  Our 
next  step  is  to  check  the  effect  of  varying  these  parameters.  The  first  group  of  range 
profiles  we  show  is  generated  by  varying  the  way  of  defining  a  shaded  patch.  As 
before,  in  (3.6),  b  is  assumed  to  be  1.  There  is  only  one  random  phase  for  all  the 
patches.  (3.11)  is  used  for  /(-).  The  target  is  illuminated  from  the  side.  In  this 
group,  we  wiU  test  the  effect  of  varying  the  definition  of  a  shaded  patch.  Three 
range  profiles  are  generated  using  different  definitions  for  a  shaded  patch.  First,  we 
define  a  patch  to  be  shaded  if  more  than  one  corner  is  shaded.  Second,  we  define  a 
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patch  to  be  shaded  if  more  than  two  comers  are  shaded.  Third,  we  define  a  patch  to 
be  shaded  if  more  than  three  comers  are  shaded  (i.e.  a  patch  is  not  shaded  unless 
all  comers  are  shaded).  Fig.  5.6  shows  the  range  profiles.  We  observe  that  among 
the  three  range  profiles,  the  magmtude  of  the  reflectivity  is  largest  when  the  third 
definition  is  used,  and  is  smallest  when  the  first  definition  is  used. 


X 


:x 

X 


Range,  meter 


Figure  5.6:  Range  profiles  for  the  same  template  with  different  definition  of  shaded 
patch.  The  crosses  are  the  reflectivity  for  definition  three.  The  circles  are  the 
reflectivity  for  defimtion  two.  The  line  is  the  reflectivity  for  definition  one. 

The  second  group  of  range  profiles  is  generated  to  study  the  effect  of  different 
ways  of  modeling  radar  cross  section.  All  the  parameters  are  set  to  equal  those  in 
group  one,  and  the  second  defimtion  for  a  shaded  patch  from  group  one  is  used. 
Two  sets  of  range  profiles  are  generated  to  test  the  effect  of  different  modehng.  The 
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first  range  profile  is  generated  with  /(•)  equal  to  (3.11),  the  second  range  profile  is 
generated  with  /(•)  equal  to  (3.10).  Fig.  5.7  shows  the  results.  The  circles  are  the 
reflectivity  of  the  template  if  the  antenna  pattern  is  used.  The  line  is  the  reflectivity 
of  the  template  if  the  squared  cosine  relation  is  used.  The  conclusion  is  that  different 
ways  of  modeling  radar  cross  s^tion  do  change  the  range  profile. 


Figme  5.7:  Range  profiles  for  the  same  template  with  different  ways  of  modeling  the 
radar  cross  section.  The  circles  are  the  reflectivity  of  the  template  if  the  antenna 
pattern  is  used.  The  line  is  the  reflectivity  of  the  template  if  the  squared  cosine 
relation  is  used. 

The  third  group  of  the  range  profiles  is  generated  by  using  the  second  definition 
from  group  one,  one  random  phase  for  all  patches,  modeling  the  target  cross  section 
by  the  antenna  pattern,  and  varying  the  orientation  of  the  template  (i.e.  varying 
the  yaw  angle).  Fig.  5.8  shows  20  sets  of  range'  profiles  for  the  same  target  with 


C-51 


Figure  5.8:  Range  profiles  for  the  same  target  with  different  orientations.  There  are 
no  shifting  and  rotations  in  roll  and  pitch.  The  adjacent  range  profiles  differs  1®  in 
yaw.  There  is  only  one  random  phase  for  adl  patches. 

different  orientations.  These  range  profiles  correspond  to  rotating  the  teu'get  about 
the  z-axis  in  1®  step  for  20  degrees.  There  is  no  shifting  in  either  of  the  axes;  and 
there  are  no  rotations  about  the  x-axis  and  y-axis.  The  rotations  of  the  template 
are  reflected  as  skewing  of  the  peaks  of  the  corresponding  range  profiles. 
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The  last  group  of  the  range  profiles  is  generated  to  study  the  use  of  random 
phases  in  our  model.  All  parameters  axe  exactly  the  same  as  group  three  except 
that  in  this  group  there  is  a  different  random  phase  for  each  patch.  This  means  that 
we  have  no  knowledge  about  the  phase  shift  between  the  reference  point  and  the 
patch.  This  group  of  the  range  profiles  makes  a  contrast  to  the  third  group  in  the 
sense  of  modeling  the  phase.  Assigning  different  random  phases  to  each  patch  and 
assigning  one  random  phase  to  all  patches  are  two  extremes.  The  real  situation  Hes 
somewhere  in  between  and  it  is  unknown  at  present  time. 


5.3  Summary 

By  studying  various  range  profiles,  we  conclude  that  the  different  defimtions  of  a 
shaded  patch  and  the  different  ways  of  modeUng  the  radar  cross  section  only  affect 
the  magnitude  of  the  reflectivity.  For  the  random  phase,  it  seems  that  assigning 
one  random  phase  to  all  patches  in  the  template  is  a  more  realistic  thing  to  do. 
However,  the  modeling  of  the  random  phase  is  a  subject  should  be  studied  in  the 

future. 
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6.  Conclusions  and  Future  Work 


An  automatic  target  recognition  system  should  be  able  to  decide  the  number  of 
targets  in  the  scene,  to  classify  the  targets,  and  to  track  the  targets.  In  order  to 
achieve  the  target  identification  using  IBS,  range  profile  prediction  is  important.  An 
algorithm  is  introduced  in  this  thesis  to  synthesize  the  range  profile  of  a  target.  A 
model  for  the  range  profile  of  a  target  is  proposed.  Based  on  the  model,  we  divide 
the  task  of  predicting  the  range  profiles  into  two  parts:  generating  the  illumination 
mask  and  computing  the  reflectivity.  The  objective  of  this  thesis  is  to  synthesize 
the  range  profile  of  target  for  use  in  automatic  target  recognition.  The  range  profile 
of  the  X-29  airplane  is  generated.  There  are  some  aspects  of  the  algorithm  that  can 
be  altered  to  improve  the  performance  of  the  algorithm. 

First,  we  believe  that  the  result  can  be  improved  if  a  different  /(•)  is  chosen  for 
the  range  profile  model.  In  this  project,  the  facet  model  of  a  target  is  used.  For  the 
X-29,  the  target  is  partitioned  into  573  quadrilateral  patches.  The  fotir  comers  of 
the  quadrilateral  eire  assiuned  to  be  non-coplanar.  We  divide  the  quadrilateral  into 
four  smaller  parallelograms  as  shown  in  Fig.  3.4.  In  our  simulation,  when  (3.12)  is 
used  for  /(•),  it  corresponds  to  the  antenna  pattern  of  a  circular  aperture  centered 
at  each  comer  of  the  quadrilateral,  with  area  equal  to  the  area  of  the  parallelogram. 
An  improvement  is  to  find  the  /(•)  which  corresponds  to  the  antenna  pattern  of  the 
parallelograms.  Also,  as  we  stated  at  the  beginning  of  this  thesis,  this  model  does 
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not  account  for  the  inter-patch  electromagnetic  effects.  An  incorporation  of  these 
effects  may  have  a  significant  impact  on  the  resulting  range  profile. 

A  second  issue  is  the  choice  of  whether  to  use  a  random  phase  in  our  model.  We 
know  that  assigmng  one  random  phase  to  all  patches  and  assigning  different  random 
phases  to  all  patches  are  two  extreme  cases.  Where  the  real  situation  stands  is  a 
topic  that  must  be  studied  in  the  future.  By  observing  Fig.  5.8  and  Fig.  5.9,  we 
think  the  real  situation  should  lie  more  toward  the  case  of  assigning  one  random 
phase  to  all  patches. 

A  third  issue  is  that  the  validation  of  the  model  and  the  template  suggested  in 
Section  4.2  should  be  carried  out  to  foresee  the  possible  improvement  that  can  be 
made. 

The  algorithm  is  tested  on  the  X-29  provided  by  the  Silicon  Graphics  demon¬ 
stration.  It  has  been  proven  successful  in  this  target,  one  current  limitation  of  this 
implementation  is  that  no  actual  measured  data  are  available  to  comp^lre  to  the 
simiilated  data.  Data  from  a  variety  of  targets  should  be  collected  and  compared  to 
the  output  of  otir  range  profile  prediction. 
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7.  APPENDIX 
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/♦  *******************************************^^*^^^^^^^^^ 

*  P^o^^edures  pad  Os  to  the  original  range  profile;* 
take  fft,  multiply  by  a  window  [-16,16];  and  then  take  * 

*  a  ifft.  * 


#include  <stdio.h> 
#include  <stdlib.h> 
#include  <math.h> 


#define  rauige.num  256 

#define  SWAP(a,b)  tempr=(a) ; (a)=(b) ; (b)=tempr 

typedef  struct  { 
float  real; 
float  imag; 

}  cmplx; 

void  getdata(reflect,data,n) 
cmplx  reflect  [range.niun] ; 
float  data[(range_num)*4] ; 
int  n; 

{ 

int  i; 

for  (i=l;i<=n/2;i++) 

{ 

data[i*2-l]=reflect [i-1] .real; 

^data[i*2]  =  reflect [i-1] .imag; 

for  (i=n+l;i<=n*2;i++) 
data[i]=0; 

} 

void  fourl(data,nn,isign) 
float  data [5 12]; 
int  nn,isign; 

{ 

int  n,mmax,m, j ,istep,i; 
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double  wtemp,wr,wpr,wpi,wi, theta; 
float  tempr, tempi; 

ii=im  «  1; 

for  (i=l;i<n;i+=2)  { 
if  (j  >  i)  { 

SWAP(data[j]  ,data[i]  ) ; 

SWAP(dataCj+l]  ,data[i+l]) ; 

} 

m=n  »  1; 

while  (m  >=  2  &&  j  >  m)  { 
j  -=  m; 
m  »=  1; 

} 

j  +=  m; 

} 

mmaz=2; 

while  (n  >  mmax)  { 

istep=2*mmax; 

theta=6 . 28318530717959/  (isigii*mmax)  ; 

wtemp=sin(0.5*theta) ; 

wpr  =  -2.0*wtemp*wtemp; 

wpi=s in (theta) ; 

wr=1.0; 

wi=0 . 0 ; 

for  (m=l;m<mmax;m+=2)  { 

for  (i=m;i<=n;i+=istep)  •{ 
j=i+inmax; 

tempr=wr*data[j]-wi*data[j+l]  ; 
tempi=wr*data[j+l]+wi*data[j]  ; 
dat  a [ j ] =dat a [i] -t  empr ; 
data[j+l]  =data[i+l]  -tempi ; 
data[i]  +=  tempr; 
data[i+l]  +=  tempi; 

} 

wr= (wt emp=wr) *wpr-wi*wpi+wr ; 
wi=wi*wpr+wtemp*wpi+wi ; 

} 

mmax=istep; 
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} 


#uiidef  SWAP 

void  cheat (data) 
float  data [1024] ; 

■C 

int  1; 
int  i; 

1  =  16; 

for  (i=l;i<=(512-l);i++) 

data[i*2]  =  data[i*2+l]  =  0; 

> 

void  covsinc (reflect) 
cmplz  reflect [range  num] ; 

{ 

float  ref 1 [1024] ; 
int  n,i; 
int  isign; 
float  mag; 

n  =  range  _mim  *  2; 
getdata(reflect,refl,n) ; 
fourl(refl,n,l) ; 
cheat (ref 1) ; 
fonrl(refl,n,-l) ; 
for  (i  =  1 ; i<=256 ; i++) 

■C 

reflect [i-1] .real  =  refl[2*i-l]; 
reflect [i-1] .imag  =  refl[2*i] ; 

} 

} 
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*  This  subroutine  will  create  up  to  100  different  file  names  * 

*  for  storing  the  range  profiles.  * 
♦♦*♦*♦♦♦♦♦♦♦♦♦**♦♦*♦♦*♦***♦♦♦♦♦******♦****♦***♦***************  */ 

#include  <stdio.h> 

void  inc (filename,  digit) 
char  filename [20] ; 
int  digit; 

■C 

printf  ("digit  =  */,d\n"  .digit) ; 
if  ((digit  >  7)  1 1  (digit  <  2)) 

■C 

printf  ("digit  =  y.d\n",  digit ) ; 
printf ("something  is  wrong  \n"); 
exit(l) ; 

} 

else  { 

if  (filename [digit]  ==  '?’) 

■[ 

filename [digit]  =  ’O’; 
inc(filename, digit-1) ; 

} 

else 

f ilename [digit] ++ ; 

} 

} 
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/*  ♦*****♦**♦**♦*♦♦**♦♦*♦*♦♦♦♦♦♦♦♦♦♦♦*♦*♦*♦♦♦♦♦♦♦♦♦♦♦♦*♦♦*♦:,»*♦*♦*♦ 

*  readdata  reads  in,  the  template  from  a  data  file  ♦ 

♦  ♦♦♦♦♦****:je*****:(t**:t(i(t*:(c:(ij(t***+*#:tt*********:)c***********3(c*******  3|c / 


#include  <stdio.h> 

#include  <fcntl.h> 

#include  <stdlib.h> 

void  readdat a (pp , sizep , argv) 
float  **pp; 
long  *sizep; 
char  argv [20] ; 

{ 

int  data.file; 
long  magic, 
zero; 

/*  check  if  file  name  specified  ♦/ 

/*  if  (argc  <  2)  { 

printf ("usage:  display  filename [.bin] \n") ; 
exit(O) ; 

}  ♦/ 

/*  open  binary  data  file  */ 

if  ((data_file  =  open (argv, 0_RD0NLY,0))  ==  -1)  { 

/*  file  does  not  exist,  add  .bin  extension  ♦/ 
if  ((data_file  =  open(stmcat(eurgv[l]  ,".bin",4)  , 
0_RD0NLY,0))  ==  -1){ 

/*  file.bin  does  not  exist  either  */ 
argv[strlen(argv[l])-4]=’\0' ; 

printf ("Xs:  No  such  file  or  directory\n",argv[l] ) ; 
exit(O) ; 

} 

} 

/*  read  magic  num,  4  bytes  */ 

read(data_f ile,&magic,4) ; 

/♦  read  object  size  and  zero  field  */ 
read (data.file, sizep, 4) ; 
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read(data_f ile,&zero ,4) ; 

/♦  printf  ("object  size:  7,d  polygons. \n",  (*sizep)/4)  ;*/ 

/*  allocate  space: 

<size>  vertices,  4  bytes  per  coordinate,  3  coordinates 
for  each  point ,  and  a  normal  (also  4x3) .  */ 

*PP  =  (float  *)  malloc ((*sizep) *4*3*2) ; 

/*  read  data  */ 

read(data_file,*pp,*sizep*4*3*2) ; 
close (data.file) ; 

} 
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/*  ************************************:,t*******************^^^^^^^^ 

*  This  program  accomplishes  following  tasks  according  to  the  * 

*  list  sequence: 

*  1.  shift  and  rotate  to  the  appropriate  coordinate  ♦ 

*  2.  generate  a  mask  which  is  a  structure  array,  each  element  * 

*  of  the  array  is  a  linked  list  containing  the  patches  that  ♦ 

*  are  not  shaded  by  the  patches  in  front  of  them  * 

*  3.  calculate  the  area  and  compute  the  projected  area  in  the  * 

*  direction  of  the  signal  for  the  patches  that  axe  not  ♦ 

*  shaded.  * 

*  4.  generate  a  uniformly  distributed  random  phase  from  -pi  to  ♦ 

*  pi.  ♦ 

*  multiply  the  rcindom  phase  and  the  projected  cirea  * 

*  6.  sum  up  the  reflectivity  accroding  to  tau  * 

*  7.  take  the  FFT  of  the  reflectivity,  multiply  by  a  low  pass  ♦ 

*  filter ,  then  take  the  IFFT  of  the  result  * 

#include  <stdio.h> 

#include  <stdlib.h> 

#include  <math.h> 

#include  "readdata.c" 

#include  "f range. c"  /^perform  FFT  &  IFFT*/ 

#include  "namecreat . c" 


#define  RAND.MAX  32767 
#define  pi  3.141592654 
#define  range.num  256 
#define  X  3 
#def ine  Y  4 
#define  Z  5 
#def  ine  Xn  0 
#define  Yn  1 
#define  Zn  2 


/♦tau  range*/ 


#define  resin  100  /*y  range  resolution*/ 


t3rpedef  struct  { 
float  x,y,z; 
float  xn,yn,zn; 
}  CN; 


/♦position*/ 
/ *normal*/ 


/♦patch  comer  stmcture*/ 


C-64 


/♦complex  number  tj^e*/ 


/♦typedef  struct  { 
float  real; 
float  imag; 

}  cmplx;  */ 

typedef  struct  { 
float  xl,yl,zl; 
float  x2,y2,z2; 

}  bndptr;  /*comer  boundary  type*/ 

t3^edef  struct  strip{ 

float  x;  /*  dist  from  radar  */ 

float  zmin;  /*  vertical  range  */ 

float  zmax; 

struct  strip  *next;  /*  next  strip  */ 

}  binptr; 

t3rpedef  binptr  ♦stptr; 

typedef  struct  X 
float  y; 

stptr  b;  /*list  of  patches  for  y  */ 

}  msk; 

typedef  enum  {  false=0,  true=l  )•  boolean; 


/♦  ============== 

void  init(arr,dim) 


/*  init  will  initialize  a  real  array  with  dimension  dim*/ 

/♦  *♦*♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦*♦**************************  */ 
float  *eu:r; 
int  dim; 

X 

int  i; 


for  (i  =  0;i  <  dim;i++) 
arr[i] =0; 

}/*end  of  init*/ 
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void  cmpiiiit(axr,dim) 

/♦cmpinit  will  initialize  a  complex  array  with  dimension  dim*/ 

cmplx  ♦arr; 
int  dim; 

{ 

int  i; 

for  (i  =0;i<dim;i++) 

axr[i] .real  =  arr[i] .imag  =  0; 

}  /*end  of  cmpinit*/ 


void  rmatrix(R,rl) 

/♦This  subroutine  computes  the  rotating  matrix 

Input  R:  3x1,  contains  three  desired  angle  for  x,y,z  rotating 
Output  rl:  3x3,  the  matrix  needs  to  be  multiplied  by  the  old  */ 

float  R[3]  ; 
float  rl  [3]  [3]  ; 

{ 

r  1  [0]  [0]  =cos  (R [2]  )  *cos  (R  [1]  )  ; 
rlCO]  [l]=cos(R[l])*sin(R[2]) ; 
rl  [0]  [2]  =-sin(R[l]  )  ; 

r  1  [1]  [0]  =sin(R[0]  )  *sin(R  [1]  )  *cos  (R[2]  )  -cos  (R[0]  )  ♦sin (R [2]  ) ; 
rl  [1]  [1]  =sin(R[0]  ) ♦sin(R[l]  )*sin(RC2]  )+cos(R[0]  ) ♦cosCRM  )  ; 
rl[l]  C2]=sin(R[0])*cos(R[l]); 

rl [2] [0] =cos(R[0] ) ♦sin(R[l] )*cos(R[2] )+sin(R[0] )*sin(R[2] ) ; 
r 1 [2] [1] =cos (R [0] ) ♦sin (R [1] ) ♦sin(R[2] ) -sin(R[0] ) ♦cos (R [2] ) ; 
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rl[2]  [2]=cos(RC0])*cos(R[1]); 

}  /*end  of  rmatrix*/ 

====================== 


=  */ 


/♦  ============================================  */ 

void  Rota(r,V) 

/*  This  subroutine  rotates  the  XYZ  from  current  coordinate 
to  the  new  coordinates. 

r:  input /output .  It  has  the  current  XYZ; 

and  will  be  replaced  by  the  new  values. 

V:  a  3x3  transformation  matrix.  */ 

/♦  *♦♦*♦*♦♦♦♦**♦♦*♦♦♦*♦♦**♦♦♦♦♦♦♦*♦*♦*♦♦**♦*♦**♦*************  */ 

float  r[3]  [3]  ,V[3]  ; 


float  W[3]  ; 

int  i,j ; 

for  (i  =  0; 

CO 

V 

•H 

i++) 

HCi]=0; 

for  (i  =  0; 

i<3; 

i++) 

for  (j  =  0;  j<3;  j++) 

W[j]  =  W[j]  +  r[j]  [i]*V[i] ;  /*  matrix  r  times  vector  v  */ 

for  (i  =  0;  i<3;  i++) 

V[i]=W[i]  ; 

}  /*  end  of  Rota  */ 


void  area(comer,A,ind,w) 

/*  This  subroutine  will  calculate  the  eireas  of  the  given  patch. 
Al:  area  bounded  by  P1P2,P2P3 
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A2:  area  bounded  by  P2P3,P3P4 

A3:  eurea  bounded  by  P3P4,P4P1 

A4:  area  bounded  by  P4P1,P1P2  */ 

CN  comer  [4] ; 
float  A  [4] ; 
int  ind[2292] ,w; 

{ 

float  DP [4] [3] ; 
float  tl,t2,t3; 
int  i,j.k; 
int  u,v; 

for  (i=0;i<4;i++) 

{ 

DPCi]CO]  =  comer  C ( i+1) %4]  .X  -  comer  [i*/,4]  .x; 
DP[i][l]  =  comer [( i+1 ) Ji43  .y  -  comer [i%4]  .y; 
DP[i]C2]  =  comer[(i+l)Jj43  ,z  -  comer[iJi43  .2; 

}  . 


/*  if  the  patch  is  shaded,  ind  =  1,  o/w  ind  =  0  ♦/ 
for  (i=0;i<4;i++) 
if  (ind[w*4+i3  —0) 

{ 

u  =  (i+1)  7.4; 

V  =  i74; 

tl  =  DP[u3[l3*DP[v3[23  -  DPCv3[l3*DP[u3[23; 
t2  =  DPCu3C03*DP[v3[23  -  DPCv3C03*DP[u3[23; 
t3  =  DP[u3  [03*DPCv3[l3  -  DP[v3[03*DP[u3[l3; 
A[i3  =  0.25  ♦  sqrt(tl*tl+t2*t2+t3*t3) ; 

} 

else  /*the  area  is  shaded’*^/ 

A[i3  =  0; 


3-  /♦  end  of  area  */ 
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void  proj  area  (comer.  A) 

/*  This  procedure  reads  in  the  aoreas  of  one  patch, 
computes  and  returns  the  projected  areas. 

This  is  the  sqaured-cosin  dependence  method.  */ 

CN  comer  [4]  ; 
float  A [4] ; 

{ 

int  i; 

for  (i=0;i<4;i++) 

/*  if  (comer  [i]  .xn  >=  0) 

A[i]=0; 

else*/ 

A[i]  =  -comer  [i]  .xn  *  ACi]; 

}  /♦  end  of  projected  area  */ 


/*  ==========—=—============—========== - = — =“=  */ 

void  J_  area  (comer.  A,  lambda) 

/*  This  procedTire  is  an  implementation  of  the  cross 
section  using  antenna  pattern. 

A:  input/output .  it  is  the  originail  area  aoid  will 
be  replaced  by  the  resulting  value 
lambda:  is  the  wavelenth  of  the  carrier.  */ 

/♦  *♦♦♦♦♦♦♦***♦♦♦♦♦♦♦♦♦♦*♦♦♦♦♦♦♦♦♦♦♦♦♦*♦♦♦♦♦♦♦*♦♦♦♦*♦*♦♦*♦♦**♦♦*  */ 

CN  comer  [4]  ; 
float  A  [4]  ; 
float  lambda; 

{ 

int  i ; 
float  r; 
float  p; 
float  param; 
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for  (i=0;i<4;i++) 

■C 

if  (ACi]  !=  0) 

{ 

r  =  sqrt(A[i]/pi) ; 

p  =  2*pi*siii(acos(-comerCi]  .xii))*r/lambda; 
if  (p  ==  0) 

A[i]  =  0.5;  /*special  case  of  the  antenna  function  for  0/0  */ 
else 

A[i]  =  A[i]  ♦  ( (float)  (jl(p))  /  p) ; 

} 

} 

}/*end  of  J_axea*/ 


void  randpha(ph,n) 

/*  This  procedure  generates  a  random  number  which  is  uniformly 
distributed  from  -pi  to  pi.  Then  sine  eoid  cosin  of  the 
number  are  calulated  for  the  rzuidom  phase.  */ 

cmplx  *ph; 
int  n; 

-C 

int  i,m; 
float  nm; 

srand(l) ; 

for  (i=0;i<n/4;i++) 

{ 

/♦set  random  #  generator  to  a  staorting  pt  particular  to  the  seed*/ 
m  =  randO ; 

/♦a  uniformly  distributed  random  phase  in  the  range  [-pi, pi]*/ 
nm  =  ((float)  m)/RAND_MAX  *  2  *  pi  -  pi; 
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/*  real  paort  of  the  phase  */ 
ph[i].real=  ( (float)  cos  (nm)  ) ; 

/*  imaginary  part  of  the  phase  */ 
ph[i].imag=  (  (float)  sin  (nm) ) ; 

} 

}  /*  end  of  randpha  */ 

=================«=========================  ♦/ 


void  snm.reflect  (comer ,  a  .phase  ,xi ,  xa,  ref  It ) 

/*  This  procedure  sums  up  the  reflectance  of  the  taurget  according 
to  the  range. 

input:  comer,  a,  phase,  xi,  xa 
a:  area  of  the  region. 

xi,  xa:  minimum  and  maximum  of  the  target  in  x 
direction,  xa  -  xi  =  10  m. 
output:  refit,  reflectivity  of  the  tairget,  complex 
valued.  */ 

CN  comer  [4]  ; 
float  xa,xi; 
float  a  [4] ; 

cmplx  refit  [range.num]  .phase; 

{ 

int  xstep; 
int  i; 
int  si; 
float  step; 

step  =  (xa-xi) / (range _num-l) ; 
for  (i=0;i<4;i++) 

{ 

si  =  (int)  (ceil((float) ((comer[i]  .x-xi-0.000001)/step)))  ; 
refit [si] . real  =  refit [si] . real+a[i] ♦phase . real ; 
ref It [si] . imag  =  refit [si] .imag+a[i] ♦phase,  imag; 

} 
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}  /*eiici  of  sum_reflect  */ 


void  InitMask(mask,ygmin, delta) 

/♦  This  procedure  initializes  the  shading  mask, 
input:  ygmin,  delta 

ygmin:  minimum  value  of  the  target  in  y  direction, 
delta:  width  of  the  columnwise  patitioned 
grid. 

output:  mask,  a  hash  table  */ 

msk  ^ask; 
float  ygmin, delta ; 

■C 

float  y; 
int  i; 


y  =  ygmin  +  delta/2; 
for  (i=0;i<resln;i++) 

{ 

mask[i] .y  =  y; 
maskCi] .b  =  NULL; 
y  +=  delta; 

} 

)•  /*  InitMask  */ 


/♦  ===================:== 

void  GetBounds (data, comer) 


♦/ 


/*  fetches  perimeter  of  patch  stored  in  slope- intercept  form, 
assumes  perimeter  is  defined  as  lines  from  l->2,  2->3, 
3->4  and  4->l. 

Input:  p,  a  pointer  to  the  variable  space 
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Output:  eC],  a  4-member  array  of  pointers  that  define  a  patch.*/ 

/ 4c  slcclccleclc^clcctc^clc^e^^^^^ctc^^atcctcctcctc^c^^ctc^ciccteiicalotcstciicctcclc^c^stcctcitc^clc^^e^slcstcctc^^^cctc^^clcclc^c^clcstc  4e / 


float  *data; 
bndptr  comer  [4]  ; 
{ 

int  i; 

float  *qdata; 


} 


qdata  =  data; 
for  (i=0;i<3;i++) 

{ 

comer  [i]  .xl 
comer  [i]  .x2 
comer  [i]  .yl 
comer  [i]  .y2 
comer  [i]  .zl 
comer  [i]  .z2 


qdata CX+i*6] ; 
qdataCX+(i+l)*6] ; 
qdata [Y+i*6] ; 
qdata[Y+(i+l)*6] ; 
qdata [Z+i*6] ; 
qdata[Z+(i+l)*6] ; 


comer [i]  .xl  =  qdata[X+18]; 
comer  [i]  .x2  =  qdata  [X]  ; 
comerCi]  ,yl  =  qdataCY+18]  ; 
comer  [i]  .y2  =  qdata  [Y]  ; 
comer [i]  .zl  =  qdata[Z+18]; 
comer  [i]  .z2  =  qdata  [Z]  ; 

/*  GetBounds  */ 


/*  ===========—=—=—=—===========================—=====  ♦/ 

int  GetBinCy, min, max, delta) 

/*  computes  the  appropriate  bin  number  corresponding  to  y 
Input:  y,  y  value  that  the  bin  number  corresponding  to 
min,  minimum  y  value  of  ed.!  the  patches 
max,  maximum  y  value  of  all  the  patches 
delta,  distance  of  y  from  bin  n+1  to  bin  n 
Output:  bin  number  */ 

/*  itcstestcitcclcciectc^cctcctcclcclcic^ctc^cctc^ilc^cclcclc^^^^c^c^c^ctc^cctc^sic^c^clc^clcoccicctc^cocctcclcctcclc^^^c^clc^c^^^cieitc^c^c  4e / 

float  y, min, max; 
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float  delta; 

■C 

int  test; 
float  temp2; 

if  (y  ==  max) 
retum(resln-l) ; 
else 

■C 

temp2  =  (y-min) /delta; 
test  =  (floor) (temp2) ; 
retrum  (test) ; 

} 

}  /*  GetBin  */ 


boolean  InRange  (biny ,  comer ly ,  coraer2y ) 


/♦  check  if  the  line  connect  comer  1  euid  comer2  is  in  the  bin 
Input:  biny,  y  value  of  the  current  bin 

comer  ly,  y  value  of  the  comer  that  is  checking 
comer2y,  y  value  of  the  comer  that  is  next  to  the  comer  1 
Output:  1  or  0.  1  means  that  the  line  is  in  the  current  bin, 

0  otherwise ,  */ 

float  biny, comer ly,comer2y; 

if  ((biny>=comerly)&&(biny<=comer2y)) 
return  (t  me) ; 

else  if  ((biny<=comerly)&&(biny>=comer2y)) 
return (tme) ; 
else  retum(f  alse) ; 

}  /*  InRange  */ 


C-74 


/*  ==================== 

void  Assigii(p,min,max,x2,iix) 


*/ 


/♦  assign  the  values  to  a  node  of  tjrpe  binptr  */ 

/:|c  it‘*it:iHit‘*^************************************************  */ 

binptr  ♦p,*n2:; 
float  min, max, zz; 


{ 

p->zmin  =  min; 
p->zmax  =  max; 

p->x  =  XX ; 

p->next  =  nx; 

}  /*  Assign  */ 

/♦  ====================================——=======  ♦/ 


void  maintaindst ,n,pn) 

/*  maintains  the  linked  list  of  the  bin  such  that  for  different  x, 
no  zs ’  overlap . 

1st:  is  the  proper  linked  list  containing  x,  zmin,  and  zmeix. 
n:  is  a  pointer  to  the  new  node  which  is  just  inserted.  It 

will  be  checked  against  the  1st  for  shadowing, 
pn:  is  a  pointer  points  to  the  node  previous  to  node  n.  */ 

/*  ♦♦*♦♦♦♦♦♦♦*♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦**♦*♦♦**♦♦♦*♦*♦*******♦**********  */ 

binptr  **lst ,*n,*pn; 

binptr  *beg , *bottom,  *top , *cross , *pcross ; 
binptr  *morelst , *tpn , *GC ; 
int  flagl,flagi,flago; 

if  (pn  ==  NULL) 
flagl  =  1; 

if  (n->next  ==  NULL) 
flagl  =  3; 

if  ((pn  !=  NULL)  &&  (n->next  !=  NULL)) 
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flagl  =  2; 


morelst  =  (biaptr  *)  malloc(sizeof (binptr)) ; 
if  (morelst  ==  NULL)-C 

printfC'not  enough  space  to  malloc  for  morelst \n"); 
sleep (5) ; 

} 

Assign  (morelst  ,n->zmin,n“>zmax,n->x,NULL)  ; 

/*  maintains  for  the  part  of  the  list  before  node  n  ♦/ 
beg  =  morelst; 
flago  =  0; 

if  ((flagl  ==  2)  II  (flagl  ==  3)) 

■C 

cross  =  *lst; 
pcross  =  NULL; 

while  ((cross  !=  n)  4&  (flago  ==  0)) 

tpn=NULL; 
morelst  =  beg; 

while  ((morelst  !=  NULL)  &&  (flago  ==  0)) 

if  ( (morelst->zmin<cross->zmin)&&(morelst->zmar>cross->zmax) ) 

bottom  =  (binptr  *)  malloc(sizeof (binptr)) ; 
top  =  (binptr  *)  malloc (sizeof (binptr)) ; 
if  ((top  "  NULL)  II  (bottom  ==  NULL)) 

printf("not  enought  space  to  malloc  for  top  or  bottoml\n") ; 

Assign (bottom,morelst->zmin,cross->zmin,morelst->x, top) ; 
Assign (top , cross->zmax,morelst->zmax , 

morelst->x,morelst->next) ; 

if  (tpn  !=  NULL) 

tpn->next  =  bottom; 

else 

beg  =  bottom; 
free (morel St) ; 
morelst=morelst->next ; 
tpn  =  top; 

} 

else  if  ((morelst->zmin>=cross->zmin)&& 

(morelst~>zmax<=cross->zmax) ) 
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{ 

if  ((tpn  ==  NULL)  4&  (morelst->iiext  ==  NULL)) 
flago  =  1;  /♦the  node  added  is  complete  shaded*/ 


else 


if  ((tpn  ==  NULL)  (morelst->next  !=  NULL)) 


beg  =  morelst->next ; 
free (morel st) ; 
morelst  =  beg; 


free(morelst) ; 


else  if  (tpn!=NULL) 

tpn->next  =  morelst->next; 
morelst  =  tpn“>next; 


else  if  ( (morelst->zmin>=cross->zmin) 
tk (morelst->zmax>cross->zmax) 
&A:(morelst->zmin<cross->zmax)  ) 

•c 

morelst->zmin=cross->zmax ; 

tpn  =  morelst; 

morelst  =  morelst->next ; 

} 

else  if  ( (morelst->zmin<cross->zmin) 
(morelst->zmax<=cross~>zmax) 

kt (morelst->zmax>cross->zmin) ) 

{ 

morelst“>zmax  =  cross~>zmin ; 

tpn  =  morelst; 

morelst  =  morelst->next ; 

} 

else  if  ((morelst->zmax<=cross->zmin) 1 1 

(morelst->zmin>=cross->zmax) ) 

tpn=morelst ; 
morelst=morelst->next ; 
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} 


} 

}  /*eiid  of  inner  while*/ 

cross  =  cross->next; 
pcross  =  cross; 

/♦end  of  outer  while*/ 
y  /*end  of  if*/ 

/*  finishing  maintain  the  part  of  the  list  before  node  n  */ 

if  (flago  ==  1)  /*nothing  to  add  in*/ 

pn->next  =  n->next; 

/*  maintains  the  part  of  the  list  after  node  n  */ 
flagi  =  0; 

if  (((flagi  ==  1)  II  (flagi  ==  2))  &&  (flago  •=  1)) 

cross  =  beg; 
pcross  =  NULL; 

while  ((cross  !=  NULL)  k&  (flagi  ==  0)) 

•C 

tpn  =  NULL; 
morelst  =  n“>next; 

while  ((morelst  !=  NULL)  &&  (flagi  ==  0)) 

■C 

if ( (morelst->zmin<cross->zmin)&& (morelst->2max>cross->zmax) ) 


bottom  =  (binptr  *)  m2aioc(sizeof (binptr)) ; 
top  =  (binptr  *)  malloc(sizeof (binptr)) ; 
if  ((bottom  ==  NULL)  ||  (top  ==  NULL)) 

printfC'not  enough  space  for  top  or  bottom2\n"); 
Assign (bott  om , morelst->zmin , cro  ss->zmin , morelst->x , t  op) ; 
Assign(top,  cross->zmax,morelst->zmeiz, morelst ->x, 
morelst->next) ; 
if  (tpn  !=  NULL) 
tpn->next  =  bottom; 
else 

n->next  =  bottom; 
free (morelst ) ; 
morelst  =  top->next; 
tpn  =  top; 

} 
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else  if  ((morelst->2min>=cross->zmiii) 

&&  (morelst->zmax<=cross->zmax) ) 

{ 

if  ((tpn  ==  NULL)  &&  (iuorelst->next  ==  NULL)) 
flagi  =  1; 

if  ((tpn  ==  NULL)  kk  (morelst->next  !=  NULL)) 

n->next  =  morelst->nert ; 
free(morelst) ; 
morelst  =  n->next; 

} 


if  (tpn  !=  NULL) 

tpn->next  =  morel st->next; 

free (morelst) ; 

morelst  =  tpn-'>next; 

} 

} 


else  if  ( (morelst->zmin>=cross->zmin)  kk 

(morelst->zmax>cross“>zm2uc)  kk 

(morelst->zmin<cross->2max) ) 

-C 

morelst->zmin=cross->zmax ; 

tpn  =  morelst; 

morelst  =  morelst->next ; 

} 

else  if  ( (morelst->zmin<cross->zmin) 
kk  (morelst->2max<=cross->zm2ix) 

kk (morelst->zmax>cross->zmin) ) 

morelst“>zmax  =  cross->zmin; 

tpn  =  morelst; 

morelst  =  morelst->next ; 

> 

else  if  ((morelst->zmax<=cross->2min) 

1 1 (morelst->zmin>=cross->zmax)) 

■C 


tpn=morelst ; 
morelst=morelst->next ; 
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} 


/♦end  of  inner  while*/ 


} 

pcross  =  cross; 
cross  =  cross->next; 

)■  /*end  of  outer  while*/ 

)•  /*end  of  if*/ 


((flagi  —  1)  (flago  !-  1))  /*everything  after  is  shadded*/ 

if  (pn  ==  NULL) 

*lst  =  beg; 
else 

pn->next  =  beg; 
while  (n  !=  NULL) 

GC  =  n->next; 
free(n) ; 
n  *  GC; 

} 

} 

else  if  ((flagi  !=  l)&&(flago  >=  1)) 

if  (pn  “  NULL) 

{ 

♦1st  =  beg; 
if  (pcross==NULL) 

(*lst)->next  =  n->next; 
else 

pcross->next=n->next ; 

} 

else 

pn->next  =  beg; 
if  (flagi  ==  3) 

tpn->next  =  n->next; 
else 

pcross->next  =  n->next; 

} 

free(n) ; 


}/*eiid  of  maintain*/ 
/♦  ================ 


float  Interp(n,nr,wr) 


/♦  This  procedure  checks  the  special,  cases  for  ur  =  0  or  wr  =  0 . 
jf  jiei-ther  ones  is  zero,  then  u*wr/ur  is  computed.  Otherwise 
0  is  retTimed.  */ 

/♦  ♦♦♦*♦♦*♦♦♦♦♦♦*♦♦♦♦♦♦♦♦*♦♦************************************  */ 
float  u,ur,wr; 

■C 

if  ((ur==0) 1 1 (wr==0)) 
return (0) ; 
else 

return (  u*wr/ur  ); 

}  /*  Interp  */  ^ 


void  Insert (beg, n,pn) 


/*  This  procedure  inserts  a  node  into  a  list  pointed  by  beg 
in  the  increasing  order  of  the  x  values.  It  also  points 
pn  to  the  node  which  is  previous  to  n  after  it  is  inserted 
into  the  list.  If  n  points  to  the  first  node  in  the  list, 
then  pn  points  to  NULL.  */ 

/*  j(t************************************************************* 

binptr  **beg,*n,**pn; 

binptr  ♦t empbeg ,  *t est ,  *ptest ,  *try ; 
int  flag; 
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flag  =  0; 
(*pn)  =  NULL; 


if  C+beg  ==  NULL) 

{ 

*beg  =  n; 

(*beg)->next  =  NULL; 
tempbeg  =  NULL; 
flag  =  1; 

} 

else 

tempbeg  =  *beg; 
while  (tempbeg  !=  NULL) 

if  (((tempbeg->x)>(ii->x))A&(*pii  ==  NULL))/*iiisert  at  beginning*/ 
*beg  =  n; 

n->next  =  tempbeg; 
flag  =  1; 

} 

if  (((tempbeg->x)>(n->x))&&(*pn  !=  NULL) ) /*insert  in  the  middle*/ 

(*pn)->next  =  n; 
n->next  =  tempbeg; 
flag  =1; 

} 

if  (flag  ==  0) 

■C 

*pn  =  tempbeg; 
tempbeg  =  tempbeg->next; 

} 

else 

tempbeg  =  NULL; 

} 

if  (flag  ==  0) 

(*pn)->next=n; 

)■  /*end  of  Insert*/ 
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void  Revise (1st) 


*/ 


binptr  **lst; 

■C 

binptr  *cross,*tai.l,*try; 
int  ind; 

cross  =  *lst; 

tail  =  NULL; 

while  (cross  !=  NULL) 

{ 

ind  =  0; 

if  (cross->zniin  ==  cross->2ma3:) 

■C 

ind  =  1; 

if  (tail  ==  NULL) 

♦1st  =  cross  =  (♦lst)->next; 
else 

•C 

tail->next=cross->next ; 
cross  =  cross->nezt; 

} 

} 

else  if  (cross->next  !=  NULL) 

{ 

if  ( (cross->x=cross->next->x)&&(cross->zmin==cross->next->zmaz) ) 

-C 

ind  =  1; 

cross->ziain  =  (cross->next)->zmin; 
cross->next  =  (cross->next)->next ; 

} 

else  if  ((cross->x=cross->next->x) 
&&(cross->zmax==cross->next->2anin)) 


-c 


iad  =  1; 

cross->zmax  =  (cross->next)->zmax; 
cross->next  =  (cross->next)->next ; 
} 

} 

if  (ind  ==  0) 


tail  =  cross; 
cross  =  cross->iiert ; 

> 

} 

]-/*eiid  of  revise*/ 


♦/ 


void  Trace  (comer  ,mask ,  delta,ygmin,ygmax) 

/♦  Tliis  procedure  computes  zanax,  zmin,  and  x  values  for  the  bins 
associated  with  each  patch. 

comer:  position  vectors  of  a  quadrilateral  patch, 
mask  :  shading  mask  of  the  template. 

delta  :  width  of  the  bin  in  the  columnwise  petitioned  grid. 
ygmin,ygmax:  minimum  and  maximum  value  of  the  template  in 
y  direction.  ♦/ 

bndptr  comer  [4]  ; 
msk  *mask; 

float  delta,ygmin,ygm2ix; 

-C 

float  xx,yy,zz; 
float  dx,dy,dz; 

float  zlo,zhi;  /*  min  and  max  values  of  z  for  each  bins  */ 

float  ylo,yhi;  /*  min  and  max  values  of  y  for  the  given  patch  */ 

int  i,j; 

int  first, last;  /*  smallest  and  Icirgest  bin  numbers  for  the  patch*/ 

booleein  flag; 

binptr  *beg,*pn,*try,*n; 
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int  CONT; 


ylo  =  yhi  =  comer  [0].yl; 
for  (j=l;j<4;j++) 

if  (comer  [j]  .yl  <  ylo) 
ylo  =  comer  [j].yl; 
if  (comer [j]  .yl  >  yh-i) 
yhi  =  comer  [j].yl; 

first  =  GetBin (ylo, ygmin.ygmax, delta) ; 
if  ((maskCfirst] .y  <  ylo)&&(first<resln-l)) 
f irst++ ; 

last  =  Get  Bin  (ylii,ygmin,ygmax,  delta); 
if  ( (mask [last]  .y  >  ylii)&&(last>0)) 
last=last-l; 

for  (i=first;i<=last;i++) 

C0NT=0; 

flag  =  false; 

for  (j=0;j<4;j++) 

if  (InRange  (mask  [i]  .  y ,  comer  [ j  ]  .  y  1 ,  comer  [ j  ]  .  y2) 

{  caNT=l; 

dx  =  comer [j].x2  -  comer [j].xl; 
dy  =  comerCj].y2  -  comer[j].yl; 
dz  =  comerCj].z2  -  comerCj].zl; 
zz  =  Interp((maskCi]).y-comer[j].yl,  dy,dz)+ 
comerCj]  .zl; 

if  (flag==false) 

{ 

flag  =  tme; 
zlo  =  zhi  =  zz; 

} 

else 

if  (zz  <  zlo) 
zlo  =  zz; 
if  (zz  >  zki) 

2dii  =  zz; 
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} 

XX  =  Iiiterp((maskCi])  .y-comer[j]  .yl,dy,dx). 

+corner[j]  .xl; 

} 

} 

/*  foTind  the  lo  and  hi  ♦/ 
if  (C0NT==1) 

beg  =  maskCi] .b; 

^  ~  (binptr  ♦)  mallocCsizeof (binptr)) ; 
if  (n  ==  NULL) 

printfC'not  enough  space  for  n  to  medlocVn  "); 

Assign (n,zlo,2hi, XX, NULL) ; 

Insert (&beg , n , &pn) ; 
if  (beg->next  !=  NULL) 

maintain (&beg,n,pn) ; 

/♦Revise (&beg,acc,i) ;*/ 

} 

mask[i] .b  »  beg; 

} 

}  /*end  of  if*/ 

}  /*  Trace  */ 


void  chk_ shade  (dat a , num ,  ymin , ymax , mask ,  ind) 

/*  This  procedure  decides  whether  the  patch  is  shaded 
given  the  shading  mask, 
input:  data,  num,  3rmin,  ymax,  mask, 
data:  template  in  inert iail  frame 
ymin, ymax:  min  and  max  y  of  the  template, 
num:  number  of  patches  in  the  template 

output :  ind 

ind:  is  set  to  either  1  or  0.  l=not  shaded  */ 

/if.  ♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦****:,c*:,c**************^.:^*:^c****  * / 

float  *data; 
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float  ymiii,3rm2ix; 
msk  *mask; 
int  num; 
int  ind[2292] ; 

int  i,j; 

float  delta, ♦qdata; 
binptr  *f rout ,*t ail; 
int  tind,back,back2; 
int  count  ,binum,coiint2,* 
bndptr  comer; 

float  hi,lo,dx,  dy,  dz,xx,zz; 


qdata  =  data; 

delta  =  (ymaz-ymin) /resin; 
for  (i=0;i<2292;i++) 
ind[i]=0; 

for  (i=0;i<num;i++) 

■C 

back  =  0; 
back2  =  0; 
hi  =  lo  =  qdata [4] ; 
for  (j  =  l;j<4;j++) 

if  (qdata [j *6+4]  >  hi) 
hi  =  qdata  [j  *6+4]  ; 
if  (qdata [j  *6+4]  <  lo) 
lo  =  qdata  [j  *6+4]  ; 

} 

for  (j=0;j<4;j++) 

if  (qdata [ j  *6] >0) 

back++;  /*  back  patch*/ 
if  (qdataCj*6]<0) 

back2++ ;  /*f ront  patch*/ 

comer.xl=qdata[j*6+3]  ; 
comer  .yl=qdata[j  *6+4]  ; 
comer.zl=qdata[j*6+5]  ; 
if  (j  !=  3) 

-C 
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corner. x2  =qdata[(j+l)*6+3] ; 
comer.  y2  =  qdata[(  j+1)  *6+4]; 
comer. z2  =  qdataC(j+l)*6+4]  ; 

} 

else 

comer. x2  =  qdata[3]  ; 
comer. y2  =  qdataC4]  ; 
comer. z2  =  qdata[5]  ; 

} 

binum  =  GetBin(comer. yl,ymin,ymax, delta)  ; 
if  (comer. yl  ==  lo) 

if  ( (mask [binum]  .y  <  comer. yl)&&(binum<resln-l)) 
binum++; 

if  (comer. yl  ==  hi) 

if  ( (mask [binum]  .y  >  comer. yl)&&(binum>0)) 
binum=binum-l ; 

dx  ==  comer. x2  -  comer. xl; 
dy  =  comer. y2  -  comer. yl; 
dz  =  comer. z2  -  comer. zl; 

zz  =  Interp(mask[binum]  .y-comer.yl,dy,dz)+comer.zl; 
xx  =  Interp(mask[binum]  .y-comer.yl,dy,dx)+comer.xl; 
front  =  mask[binum] .b; 
tind=0; 

if  (front  !=  NULL) 

while  ((xx  >  front->x)&&(tind==0)&&(front->next  !=  NULL)) 

{ 

if  ( (f ront->zmin  <=  zz)&ft(zz<=front->zmax)) 

■C 

tind  =1; 
ind[i*4+j]=l; 

} 

else 

front  =  front->next; 

} 

}  /*end  of  inner  for  loop*/ 
qdata  =  &qdata[24] ; 

} 

}  /*chk_shade*/ 
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void  Shadow(pdata,niask,patchnum,yinax,ymiii,ind) 

/♦This  procedure  reads  in  the  template  and  output  a  boolean  integer 
for  each  of  the  comers  in  the  template, 
input:  pdata,  patchnum,  ymax,  ymin. 
pdata:  template  of  the  target, 
patchnum:  number  of  patches  in  the  template, 
ymin,  ymax:  max  and  min  values  of  y  of  the  template, 
output: mask,  ind 

mask: the  shading  mask  of  the  template. 

ind:  boolean  integer  indicates  whether  the  comer  is  shaded.  */ 
/♦  *************************************************************** 

float  *pdata,ymax,ymin; 
int  patchnim; 
int  ind [2292] ; 
msk  *mask; 

{ 

float  ygmin,ygmax; 

float  deltau; 

float  *qdata,*data; 

bndptr  comer  [4]; 

int  i ,  patchind ,  j  ,k , acc  [resin]  ; 

/♦printf ("Entering  Shadow...  patch  num  =  7,d\n" , patchnum) ; 
printfC'ymin  =  Xf,  ymax  =  y,f\n",ymin,ymax) ;*/ 
ygmin  =  ymin; 
ygmax  =  ymax; 

delta  =  (ygmax  -  ygmin) /resin; 

InitMask(mask, ygmin, delta) ; 

qdata  =  (float  ♦)malloc (pat chnum*24*sizeof (float)) ; 

if  (qdata  ==  NULL) 

printfC'not  enough  space  for  malloc  qdataXn")  ; 
for  (i  =  0;i<(patchnum*24) ;i++) 
qdata[i]=pdata[i]  ; 
data  =  qdata; 
for  (i=0;i<patchnum;i++) 
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GetBoTinds  (qdata,  corner) ;  /+  boundziries  of  patch  */ 

/*  now  go  through  lines  setting  z-bounds  */ 

Trace  (comer ,  mask,  delta,  ygmin ,  ygmax) ; 
qdata  =  &qdata[24] ; 

} 

qdata  =  data; 

chk_ shade  (dat a ,  pat  chnum ,  ygmin ,  ygmax ,  mask ,  ind)  ; 
data  =  NULL; 
free (qdata) ; 

}  /*  Shadow  */ 


void  change_extra(data,ymin,ymax,P,rl) 

/*  This  procedure  shifts  and  rotates  the  template  to  the  proper 
posit ionand  orientation.  Also  it  finds  the  minimum  aind  maiximum 
y  values  of  the  template  after  shifting  and  rotation, 
input:  data,  P,  rl 
data:  the  template 
P  :  the  translation  vector 
rl  :  the  rotation  matrix, 
output  :  data,  3rmin,  jmax 

data  :  the  new  template.  It  replaces  the  inputed  template, 
ymin,  ymax:  minimum  and  maximum  y  values  of  the  output  template.*/ 

float  *data; 
float  *ymin,*ymax; 
float  P[3]  ,rl[3]  [3]  ; 

■C 

int  i,j,k; 

float  V  [3]  ; 

float  *q; 

q  =  data; 

for  (i=0;i<2292;i++) 
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q[3]=qC3]-PC0]; 

q[4]=q[4]-P[l]; 

q[5]=qC5]-P[2]; 

for  (j=0;j<2;j++) 

for  (k=0;k<3;k++) 
v[k]=  qCj*3+k]  ; 

Rota(rl,v) ; 
for(k=0;k<3;k++) 
q[j*3+k]=v[k]  ; 

} 

if  (i  ==  0) 

♦ymin  =  =  v[l]  ; 

else 

if  (v[l]  >  *yiBar) 

*ymax  =  v [1] ; 
if  (vCl]  <  *ymiii) 

♦ymin  =  v [1] ; 

} 

q  =  &q[6]  ; 

} 

y  Z+end  of  change.extra*/  ^ 


void  out (refljf name) 

/♦  Tliis  procedure  writes  the  complex  valued  reflectivity  into  a  file, 
input:  refl,  fname; 

refl:  the  reflectivity  of  the  template, 
fname:  the  name  of  the  file  to  which  will  be  written, 
output:  a  file  pointed  by  fname.  */ 
*:*(**♦♦♦♦♦♦♦*♦*♦♦♦♦♦♦♦♦♦♦♦♦♦**♦*♦*******************************  */ 

cmplx  refl [range.num] ; 
char  fname [20] ; 

■C 
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iat  i ; 
float  mag; 

FILE  *fp; 

fp  =  fopeii(fname,"w") ; 
for  (i=0 ;  i<range_n'um;  i++) 

f  printf  (f p ,  "'/.f  \t7rf\n" ,  ref  1  [i]  .  real ,  ref  1  [i]  .  imag)  ; 
f close (fp) ; 

}  /*eiid  of  out*/ 


void  job(pp,n,refl,xgmin,xgmax) 

/♦Job  reads  in  the  template,  generates  the  shading  masks,  calculates 
the  reflectivity,  and  writes  the  results  to  files.  The  names  of 
the  files  axe  self -generated. 


float  *pp; 
long  n; 

cmplx  ref 1 [range.num] ; 
float  zgmin,zgm2Lx; 

■C 

float  *q; 

int  i,j,skip,ga; 

float  ygmin,ygmaz; 

CN  comer  [4] ; 

float  P[3],R[3]; 

float  A  [4]  ; 

float  rl  [3]  [3]  ; 

int  ind[2292],k; 

msk  *pmask; 

chau:  f name  [20]  ; 

int  cz,cy,cz; 

cmplz  *phase; 

float  largest , smallest ; 


printf  ("Starting  process,  please  wait _ \n"); 

sprintf (fname,  "rpOOOXO"); 
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q  =  (float  *)malloc(n*6*sizeof (float)) ; 
iiiit(P,3);  /♦no  shifting  */ 
phase* (cmplx  ♦)iaalloc (n/4^sizeof  (cmplx)  ) ; 
printf ("ready  to  go  in  the  loop\n"); 

/♦for  (cx  =  -9;  cx<=  9;  cx++) 
for  (cy  =  -18;  cy  <  18;  cy++)^/ 
for  (cz  =90;  cz  <=  108;  cz++) 

/♦  beginning  of  one  set  ♦/ 
randpha (phase, n) ; 
for  (i=0;i<n^6;i++) 

qCi]=ppti^  » 

R[0]=0^10^pi/180; 

R[l]=0^10^pi/180; 

R[2]=cz^pi/180; 
cmpinit (ref 1 ,range_num) ; 

pmask  =  (msk  ♦)  malloc  (resln^sizeof (msk)) ; 
niiatrix(R,rl) ; 

change_extra(q,&ygmin,&yginax,P,rl) ; 

Shadow (q , pmask ,n/4 , ygmax , ygmin , ind) ; 

/♦  for  one  patch,  iterate  for  n/4  patches  ♦/ 
for  (i=0;i<(n/4) ;i++) 

{ 

for  (j=0;j<4;j++) 

comer  [j]  .xn  =  q[i^24+j^6]  ; 
comer  [j]  .3m  =  q[i^24+j^6+l]  ; 
comer  [j]  .zn  =  qCi^24+j^6+2]  ; 
comer  [j]  .X  =  qCi^24+j^6+3]  ; 
comer  [j]  .y  =  qCi^24+j^6+4]  ; 
comer  [j]  .z  =  q[i^24+j^6+5]  ; 

} 

area(comer,A,ind,i) ; 

J_area(comer,A,3E8/3.35E9) ; 

sum.reflect (comer, A, phase [0]  ,xgmin,xgmax,refl)  ; 
/♦sum.reflect (comer, A, phase [0]  ,-5.  ,5.  ,refl)  ;♦/ 

} 

covsinc(refl) ;  /♦  convolve  with  a  sine  function  ♦/ 

/*:ti*****itf**********’¥*^eTLeTsctiiig  filename  **♦♦♦♦♦♦♦♦♦♦♦/ 
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inc(fiiame,4) ; 
out (ref 1 ,f name) ; 
for  (ga  =  Ojga  <  resin ;ga++) 
free(pmask[ga]  .b); 
free(pmask) ; 

/*****  lip  "to  here,  one  set  of  range  profile  is  computed*****/ 


free(q) ; 
free (phase) ; 

}  /*  end  of  job  */ 


void  change_data(pp,n,xgmin,xgmax) 


/*change-data  scales  up  or  down  the  fuselage  of  the  origineil 
template  to  10  meters  long, 
input :  pp ,  n . 
pp  :  template  of  the  target 
n  :  the  number  of  patches  in  the  template 
output:  xgmin,  xgmax,  pp 

pp  :  template  of  the  target  with  the  fuselage  eqaul  to  10 
meters.  It  replaces  the  original  template, 
xgmin, xgmax: min  and  max  x  values  of  the  template  after 
the  scaling. 

/*  *************************************+**+****j(e****i((*******j(t**:(E  :tc / 

float  *pp; 
int  n; 

float  *xgmin,*xgmax; 

{ 

int  i; 

float  min,max,sc2Lle; 
float  a,b,c; 
float  newdata[3] ; 

min  =  mzix  =  pp  [4]  ; 
for  (i=l;i<n;i++) 

■C 

if (pp[i*6+4]  >  max) 
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max  =  pp  Ci*6+4] ; 
if  (pp[i*6+4]  <  min) 
min  =  pp [i*6+4] ; 

} 

scale  =  10/ (max  -  min); 
for  (i=0;i<n;i++) 

newdataCO]  =  pp[i*6+4]*sciLe; 
nevdataCl]  =  pp[i*6+3]*scale; 
newdataC2]  =  -pp[i*6+5]*scale; 
ppCi*6+3]  =  newdataCO]; 
pp[i*6+4]  =  newdataCl]  ; 
pp[i*6+5]  =  newdata[2]; 

} 

*xgmin  =  scale  *  min; 

’(‘xgmax  =  scale  *  max; 

}  /*end  of  job*/ 


main(argv) 
cheu:  argv  [20]  ; 

float  ♦pp; 
long  n; 

cmplx  ref 1 [range.nnm] ; 
float  xgmin,xgmax; 

argv  =  "plane. bin\0"; 
readdataC&pp,  &n,  argv);  /♦  n  is  #  of  comers*/ 

cliange_data(pp,n,&xgmin,&xgmax) ; 

j  ob  (pp , n , ref 1 , xgmin , xgmax) ; 


}/*  end  of  main*/ 
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